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Abstract
Nitrogen is one of the most important yield-limiting nutrients for corn (Zea mays). In
this research the exergy destruction principle (EDP) is applied as a theory to explain the
expected inverse relationship between surface temperature and nitrogen stress. This is the
first multi-year, greenhouse and field, study to systematically investigate thermal remote
sensing for detecting nitrogen stress in field crops. Two hypotheses are developed as pre-
dicted by the EDP. It is hypothesized that agricultural crops experiencing greater growth
and providing greater yield will have lower surface temperatures. The second hypothesis
is that crops grown under optimum/higher rates of nitrogen will have lower surface tem-
peratures compared to crops grown under nitrogen stress conditions. The two proposed
hypotheses are tested under greenhouse and field conditions on corn plants at three dif-
ferent scales (i.e., leaf, canopy and over a plot area). Field studies were conducted during
four summer seasons (2016, 2017, 2018 and 2019) on an established long-term field trial of
corn yield response to varying rates of nitrogen. Greenhouse experiments were conducted
at the University of Guelph and the University of Waterloo from Oct 2015 to May 2016
and from Apr 2019 to Feb 2020, respectively. Whorl temperatures were collected for con-
tinuous temperature measurements during the day and night cycle as a proxy for crop
temperature to investigate if there is a variation in crop temperature with nitrogen stress.
Canopy and leaf temperatures were collected using a high-resolution thermal camera, and
an infrared hand-held point measurement gun, respectively. During the day, it is found
that corn surface temperatures are lower for corn plants that received higher rates of ni-
trogen. A shallow but statistically significant negative slope is observed consistently with
iv
increasing rates of nitrogen. An approximate 0.5-1◦C average temperature variation be-
tween corn plants that experienced different levels of development (i.e., yield and leaf stage)
due to nitrogen stress appears to be a reasonable magnitude given that ecosystems with
a wider variation in development observed 5 ◦C average temperature variation. Surface
temperature measurements, however, were highly variable. This variability is the result
of many external and weather dependent variables that affect crop canopy temperature.
Despite this variability, the exergy destruction principle (EDP) provides a theoretical back-
ground from which thermal remote sensing can be applied through surface temperature
measurements to detect physiological stress in crop plants at early growth stages, before
any visual indicators appear on plant surface. In addition, an average emissivity of 0.96
±0.006 for corn leaves over the 7.5-14 µm waveband is determined from multiple laboratory
experiments measuring corn leaves spectral reflectance collected from corn plants grown
under greenhouse and field conditions. This emissivity can be used as a reference value
in future studies involving corn plants surface temperature measurements. Furthermore,
it is concluded that whorl temperature measurement is not a good proxy of crop surface
temperature and it can not be used to detect nitrogen stress. This research enhances the
potential application of precision agriculture in the application of nutrients, herbicides, and
pesticides to crop plants at an optimal time and location, which will subsequently increase
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Crop stress is a serious problem that affects agricultural sector production [1, 2]. Min-
imizing crop stress is one of the major objectives for precision agriculture. Crop stress
is caused by many abiotic and biotic variables such as: weed competition, insects, excess
heat, water or nutrient deficiency [3, 4]. Crop plants are not passive to their environment,
they are aggressive in responding to changes; a plant can rapidly change with a cue from its
surroundings. Different methods have been used to detect crop stress such as: tissue anal-
ysis, transmittance, reflectance and florescence methods [5, 6, 7, 8]. All of these methods
have limitations including: sensitivity to background noise, limited size or test area, and
sensitivity to stress detection at early growth stages. Plant tissue analysis is considered
a destructive and time consuming method [9, 10]. Alternatively, many non-destructive
methods are used, such as leaf transmittance using a hand-held soil plant analyses devel-
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opment (SPAD) chlorophyll meter, canopy spectral reflectance, and fluorescence methods
[10, 11]. Studying leaf pigment reflectance as a crop stress indicator has proven to be
less efficient for real time monitoring of plant photosynthesis and water status at plant
level because the changes in leaf pigment concentrations are not rapid, therefore, it cannot
be used as a direct indicator of plant physiological status [12]. In addition, the use of
a non-destructive SPAD meter is found to be highly variable [13, 14] and is affected by
leaf location, plant growth stage, solar irradiance and leaf water content [14, 15, 16]. The
limitations of reflectance based methods include: sensitivity to high variations in sunlight
and soil conditions, and the lack of sensitivity for stress detection at early growth stages
[10, 17, 18, 19]. Chlorophyll fluorescence measurements are reported to be more accurate in
nitrogen stress detection independently from soil background noise, leaf area, and biomass
status [20, 21]. Hand-held versions such as Multiplex R©, require a distance of approxi-
mately 10 cm between the sensor and the plant, therefore, limiting its usefulness at large
field scales [10, 22]. As a result, accurately monitoring different inputs such as herbicides,
pesticides, water and nitrogen fertilizer have attracted the attention of many researchers
to enhance the precision agriculture by enabling the application of the right amount of
inputs at the right time and place. The right amount represents a balance between yield
production increase and harmful environmental impact decrease [23].
In this research, thermal remote sensing is proposed as a non-contact, non-destructive,
rapid assessment capability, and easy to use method [24, 25, 26]. It has been used as
a means of water stress detection in crop plants [27, 28, 29], which is based on the as-
sumption that well-irrigated plants will transpire and cool crop surface temperature below
the surrounding air temperature. Water stress reduces the transpiration rate [30] causing
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plant canopies to reduce stomatal opening, thus increasing surface temperature above the
surrounding air temperature. In addition, thermal remote sensing has been used to de-
tect differences in canopy temperatures between nitrogen stressed and non-stressed plants
[31, 32, 33]. Blad [31] observed a non-consistent relationship between nitrogen stress and
canopy temperature across different years and locations in Canada. Carroll [32] studied
the effect of varying nitrogen levels on leaf surface temperature for corn grown under dif-
ferent irrigation conditions. In his study, it is hypothesized that nitrogen deficient crops
would have lower leaf temperatures due to lighter green leaf color and lower absorption of
solar radiation. A non-significant difference was observed between nitrogen level and leaf
surface temperature under two water stress conditions under greenhouse and field condi-
tions despite the large differences observed in leaf chlorophyll concentration. Otherwise,
a significant difference was observed between nitrogen rate and surface temperature as-
sociated with heat stress detection [34]. Ward [33] studied the effect of varying nitrogen
and water stress levels on canopy temperature and found that both canopy temperature
and canopy/air temperature difference provided an equally significant sensitivity to plant
stress [34]. Akbari [35] in 1994 observed using a hand held infrared thermometer that field
corn plants provided with higher levels of nitrogen were cooler compared to corn plants
supplied with lower levels of nitrogen. This research work was motivated in part by these
preliminary results of Akbari. Then in 1998 Luvall et al. [36] observed a strong correlation
between canopy temperature and crop yield in results provided through personal commu-
nications providing additional motivation for this research work. There is no subsequent
known investigation into the possible relationships between crop surface temperature and
nitrogen stress or crop yield that were ever conducted until a first attempt by Lawrence [37]
3
in 2016. Lawrence’s work focused on experiment development and formed the foundation
for this thesis’ experimental procedures.
Indications of crop stress is more quickly observed using thermal remote sensing data
[27, 28, 29]. Observations of crop stress in the visible and near infrared (NIR) wavebands
rely on a change in the spectral reflectance of various leaf chemical compounds and micro or
macro nutrients, which take much longer time to manifest. One of the earliest indications of
crop stress is reduced stomatal conductance and hence increased crop surface temperature
[38].
In this research an approach is investigated for the purpose of precision agriculture to
detect different types of crop stress including: weed competition, insects, water or nutrient
deficiency as predicted by the exergy destruction principle (EDP). The main objective is to
determine if crop canopy temperature can be used as a measure of crop stress at early growth
stages. It is predicted that stressed plants are less able to maintain the same temperature
differential between air and canopy compared to less stressed plants and this temperature
differential can be used to estimate crop stress [27, 39]. In this study, two hypotheses
are developed and tested under the greenhouse and field conditions on corn plants under
variable nitrogen rates (e.g., high, medium, low and no nitrogen supply). The primary hy-
pothesis states that agricultural crops experiencing greater growth and providing greater
yield will have lower surface temperature. Given the primary hypothesis that crops ex-
periencing greater growth and development will have lower surface temperature, and that
crop stress affects growth and development [40, 41], the secondary hypothesis states that
stressed plants will have higher temperatures compared to less stressed plants. This work
is focused on nitrogen stress due to its strong correlation with yield [42], availability of the
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experimental trials such as the Elora Research Station experiments, and due to the fact
that it is relatively an easy variable to control under variable field conditions.
This research work can benefit the agricultural sector by maximizing the production
(i.e., yield) and reducing the cost of input application to the soil including herbicides,
pesticides and nutrients. Moreover, it can help farmers to control the level of nutrients
being applied, which sequentially mitigates climate change, improves food products, and
reduces contamination of the environment such as ground water pollution and greenhouse
gas emissions, which became a serious problem.
1.2 Motivation
This research was motivated in part by some encouraging observations by Akbari [35] in
1994 who observed, using a hand held infrared thermometer, that field corn plants provided
with higher levels of nitrogen were cooler. Akbari’s limited observations are presented in
his thesis but not in any Journal paper. Then in 1998 Luvall et al. [36] observed a strong
correlation (R2 > 0.86) between crop canopy temperature and crop yield providing further
motivation for this research work. Since 1998, no subsequent known investigation into
the possible relationships between crop surface temperature and nitrogen stress or crop
yield were ever conducted until the attempt by Lawrence [37] in 2016. Lawrence’s work
focused on experiment development and formed the foundation for this thesis’ experimental
procedures.
This research investigates an approach to detect relative levels of crop stress in order
to selectively apply nutrients under variable field conditions. Different methods have been
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used to detect crop stress, as discussed in detail in chapter 2, which have different limita-
tions including sensitivity to solar radiation variation, sensitivity to soil background noise,
and study area limitation. In this research, thermal remote sensing is proposed through
crop surface temperature measurements to detect crop stress at early growth stages for the
purpose of precision agriculture as predicted by the exergy destruction principle discussed
in more detail in chapter 3. The potential exists to take the advantage of the inverse corre-
lation between surface temperature and crop stress for dynamically and precisely varying
the amount of nutrients, herbicide, or pesticide by a spatial location in the field to sus-
tainably increase the crop production while decreasing the input costs and reducing the
environmental losses.
1.3 Research objective
The main objective in this research is to determine if surface temperature can be used
to predict crop stress at early growth stages. More specifically is to determine if there
is a correlation between surface temperature and nitrogen stress, and between surface
temperature and yield as predicted by the exergy destruction principle (EDP). This main
objective is accomplished by fulfilling the following research sub-objectives:
6
• To test and justify the two proposed hypotheses:
Hypothesis #1: It is hypothesized that agricultural crops experiencing greater growth
and providing greater yield will have lower surface temperature.
Hypothesis #2: It is hypothesized that stressed crop plants will have higher surface
temperatures compared to non-stressed plants.
• To conduct experiments on corn plants grown under different supplied nitrogen rates
in greenhouse and field conditions in order to test the two proposed hypotheses and to
investigate the difference in crop surface temperature and spectral emissivity among
supplied nitrogen treatments.
• To investigate the difference in leaf thermal emissivity for the selected infrared (IR)
waveband (7.5-14 µm) among nitrogen treatments.
• To investigate the potential use of thermal remote sensing in precision agriculture
applications.
1.4 Thesis contributions
In this research two hypotheses were developed based on previous studies investigated the
inverse correlation between ecosystem development and surface temperature on a large
ecosystem scale. The two hypotheses (Section 1.3) were proposed and tested under green-
house and field conditions, more specific research contributions are listed below:
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• To determine the relationship between nitrogen stress and crop canopy temperature
under controlled experiments as predicted by the exergy destruction principle.
• To determine the feasibility and effectiveness of the exergy destruction principle as a
theory to identify crop stress for the purpose of precision agriculture.
• To investigate the spectral thermal emissivity difference among nitrogen treatments.
• To investigate the temperature temporal variation.
1.5 Thesis outline
This thesis is divided into seven chapters and five appendices, where Appendices B, C, and
D describe the ongoing work that still needs to be further investigated in order to draw
more solid conclusions. This thesis is structured as follows:
• Chapter 1 presents a research overview through the use of thermal remote sensing to
detect crop stress as predicted by the exergy destruction principle (EDP).
• Chapter 2 provides an overview on different available methods that are used to detect
crop stress with their corresponding limitations. This chapter starts with a definition
of precision agriculture and crop stress in general.
• Chapter 3 provides information about the exergy destruction principle theory in gen-
eral and more specifically applied to corn plants. In addition, it describes the two
8
research hypotheses from a previously known relationship between ecosystem devel-
opment and surface temperature. It also discusses the energy and exergy balances
for a corn plant system.
• Chapter 4 presents the overall temperature data acquisition and analysis including
thermal image acquisition, processing and overall data analysis.
• Chapter 5 presents the greenhouse experiments conducted at the University of Guelph
and the University of Waterloo.
• Chapter 6 presents the experiments conducted under field conditions at the Elora
Research Station, ON, Canada over 4 years period and one experiment conducted at
the Woodstock Research Station, ON under variable nitrogen and weed competition
conditions. In addition, a discussion of the proposed sources of error in temperature
measurements with suggested error minimization methods. The two chapters (5 and
6) cover materials, methods, results and discussions to make it easier to follow the
research experiments conducted to test and justify the two research hypotheses under
the greenhouse and field conditions, respectively.
• Chapter 7 presents the thesis summary, recommendations, future work and potential
research applications.
• Appendix A discusses the canopy temperature sensitivity analysis including the dif-
ferent variables that affect crop temperature directly or indirectly with an example
of nitrogen rate variation effect on surface temperature.
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• Appendix B describes corn leaf thermal emissivity experiments conducted through
spectral reflectance measurements. An average leaf thermal emissivity for corn plants
over the 7.5- 14 µm waveband is proposed based on multiple laboratories experiments,
which can be used as an emissivity user input reference value in a thermal camera.
• Appendix C presents the observations of whorl temperature measurements conducted
using type t thermocouples attached to a temperature recording device under growth
chamber conditions.
• Appendix D describes the observations from the field experiment conducted at the
Elora Research Station in the summer of 2019 to measure canopy temperatures over
a plot area scale using a high resolution thermal camera attached to a drone.
• Appendix E describes the order of magnitude estimates for energy equation terms
discussed in Section 3.6.
• Appendix F describes the order of magnitude estimates for exergy terms compared
to the incoming solar exergy discussed in Section 3.10.
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Chapter 2
Precision agriculture and crop stress
detection
Precision agriculture describes the agricultural information that is collected with regards
to its geographical position, some examples of precision agriculture include: yield mapping,
monitoring the application of herbicides, pesticides, and irrigation. The objective of this
chapter is to identify precision agriculture, remote sensing, crop stress, and additionally
discuss different methods that are used to detect various types of crop stress such as weed
competition and water stress with a focus on nitrogen stress, and finally, summarize the
advantages and disadvantages of different existing methods used to detect nitrogen stress.
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2.1 Precision agriculture
Precision agriculture concerns optimizing farming practices to increase yield production
and decrease the cost of different inputs such as nitrogen (N) fertilizer, pesticides and
herbicides [43], which requires an efficient application of water and nutrients to crops at the
right time and location. The technologies used in precision agriculture include geographic
information system (GIS), global position system (GPS), remote sensing and variable rate
technology [44]. Precision agriculture is defined as a crop management technique that
enables the application of different tools and analysis to conduct accurate agricultural
decisions to increase yield production [45] through applying the right rates of inputs in
a controlled way to reduce harmful environmental impact[46]. As an example, one of
the latest technologies in precision agriculture is the automated robotic field phenotyping
platform[47]. The platform has a highly capable framework that enables to carry 500 kg
payload in the camera bay. The platform includes a visible and thermal camera for water
stress detection, and a chlorophyll fluorescence imagery (70 cm above the canopy level)
to detect nitrogen stress. All the equipment is mounted on a field scanalyzer to scan the
farm field on an average height of 2-3 m above the crop canopy and the soil compaction
is reduced due to rail utilization [48]. The height of the platform is 6 m, but there are
still some restrictions on farming equipment such as sowing and harvesting operations to
minimize the soil compaction that could change data output. In this research, the potential
exists to take advantage of the relationship between canopy temperature and crop stress
for dynamically and precisely varying the amount of fertilizer, herbicide, or pesticide by
spatial location in the field.
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2.2 Remote sensing
Remote sensing has many applications in precision agriculture [49]. It is defined as the
extraction of information without any physical contact with the object under study[50].
Remote sensing permits a large amount of data to be collected either by ground using
hand held or tractor mounted sensors or by air using drones and satellite imagery. Remote
sensing is divided into two types: active and passive remote sensing[51]; in active remote
sensing, a signal is emitted by a satellite or aircraft and the reflected radiation from the
object will be measured by the sensor. On the other hand, in passive remote sensing, the
reflection of sunlight will be measured by the sensor.
There are four terms that are widely used in agricultural remote sensing including:
spatial resolution, spectral resolution, radiometric resolution, and temporal resolution. In
spatial resolution, the data are collected to identify crop physical features such as size and
height, which help farmers to capture precise and high resolution images that will show
specific areas in the field and give a small map-to-ground ratio, where the low resolution
images can capture the entire field. In spectral resolution, the data are collected based on
different wavelength bands. For example, to determine the normalized difference vegeta-
tion index (NDVI), the reflectance in the red visible and near-infrared bands need to be
determined. The radiometric resolution involves different levels of brightness that can be
detected by a sensor[52]. The radiometric resolution ranges from 8 to 14 bit and 256 levels
of grey scale to 16,384 diverse shades of colors. The temporal resolution is the time period
over which the data are collected. In longer time duration, more data will be collected
compared to short period of time. Vegetation measurement requires fine spatial scale to
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sufficiently resolve all of the plant components. Therefore, conducting analysis of satellite
images can be inefficient due to its limited wavelength bands and low spatial resolution
where the whole field can appear in 1 to 3 pixels of an image.
Thermal remote sensing is a branch of remote sensing that is concerned with surface
emitted radiation, not surface reflected radiation in the thermal infrared (TIR) region
of the electromagnetic spectrum [53]. Thermal remote sensing is non-destructive, non-
contact, and easy to use method, which has many applications in detection, study, and
management of vegetation fires and water stress detection [54, 27]. In this research, thermal
remote sensing is used through surface temperature measurements to detect crop stress at
early growth stages as predicted by the exergy destruction principle (EDP).
2.3 Introduction to crop stress
Crop stress is defined as any unfavorable condition or substance that affects the plant’s
metabolism, growth and development [55, 56]. Crop stress is also defined as an external
factor that exerts a disadvantageous influence on crop plants [57]; it is a significant deviation
from the optimal conditions for plant life [58]. Environmental stressors considerably affect
crop production. Crop stressors are classified into biotic and abiotic stress factors. Abiotic
stress includes the non-living components such as water, nutrients deficiency, radiation,
and salinity [4]. Biotic stress includes the living components that cause disease or damage
to plants including insects, bacteria and weed competition [59].
There are two types of nutrients that are essential for plant growth and development;
micro and macro nutrients. The micro-nutrients includes: iron, copper, boron, zinc and
14
manganese, which are required by plants in small amounts for growth and development
compared to macro-nutrients. The macro-nutrients are required in large amounts including:
potassium (K), phosphorus (P), magnesium (Mg), calcium (Ca), and nitrogen (N), which
are generally applied to increase crop production and quality [60]. Nutrient deficiency
affects the plant’s growth processes such as photosynthesis, respiration, transpiration and
enzyme activities.
2.4 Crop stress detection methods
In this section crop stress detection methods will be discussed in general for different stress
factors, but the focus will be on nitrogen stress because the two proposed research hy-
potheses were tested on corn plants grown under different supplied nitrogen rates. The
traditional methods of crop stress detection are based on the observation of plant physi-
cal changes such as color or turgidity [61], with the risk of being detected after a critical
damage point is reached. Other detection methods use the biochemical and biophysical
techniques such as leaf water potential and stomatal conductance, which are time consum-
ing, expensive and not efficient for large areas [61].
For nitrogen stress detection, tissue analysis was extensively used in the past to deter-
mine nitrogen status in plants, but it is a time consuming and destructive method that
causes damage to plant tissues [62, 9]. Therefore, non-destructive methods were utilized
for nitrogen stress detection such as canopy reflectance, leaf transmittance, and chloro-
phyll fluorescence [10]. The Soil-Plant Analyses Development (SPAD) chlorophyll meter
is one of the most commonly used devices to detect nitrogen status in plants [63, 64], but
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N content in leaves can be under or over estimated due to sieve effects [13] and light-
dependent chloroplast movements [13], respectively. SPAD measurements fail to detect
over-fertilized plants due to chlorophyll saturation [10]. The second method used to detect
nitrogen stress is through investigating the electrical properties of plant tissues used to
estimate water status and nutrient deficiency in crop plants [10]. Sap and electrical meters
are used for crop nitrogen stress detection. Sap nitrate test is a potential tool for nitrogen
fertilizer management and nitrogen losses reduction to groundwater [65], it is more rapid to
distinguish between different nitrogen treatments as compared to SPAD chlorophyll meter
measurements [66]. The limitations of sap nitrate testing include its destructive properties
that causes damage to plant tissues and requires long sampling and processing times [67].
Leaf and canopy reflectance based methods are used through satellite data analysis
and digital image processing [16] in the visible and near-infrared (NIR) spectrum to detect
nitrogen status in crops. A spectral region of considerable interest called the “red edge" is
the region between the red and NIR where the light is not absorbed by the plant[5, 68].
This method has some limitations including lack of sensitivity for nitrogen stress detection
in early growth stages [17], sensitivity to sunlight variation and soil conditions [10, 69].
Chlorophyll fluorescence is another method that is used to detect nitrogen stress. This
method allows for a high sensitive stress detection independently from soil background
noise [20], leaf area, and biomass status [21]. Laser induced fluorescence (LIF) methods
producing chlorophyll fluorescence emission are more applicable for use in large field areas
compared to variable chlorophyll fluorescence measurements [69, 21]. The LIF method
measures the chlorophyll fluorescence induced by red laser light at 0.63 µm. The ratio
of the 0.69 and 0.73 µm fluorescence wavelengths highly correlates with N content [70].
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The potential of fluorescence imaging in crops is limited for field phenotyping applications
[71] due to power requirements that are widely utilized for disease monitoring in trees and
plants[72]. Most of the methods used for nitrogen stress crop detection are dependent on
chlorophyll content. Therefore, these methods fail to detect over-fertilized crops due to
chlorophyll saturation [10]. Table 2.1 summarize the most commonly used methods to
detect nitrogen stress in crop plants.
Furthermore, reflectance and chlorophyll fluorescence methods are used to detect water
stress in crop plants. The chlorophyll content in leaves decreases with crop stress [73],
thereby changing the proportion of light-absorbing pigments, leading to a reduction in
the overall light absorption [74], therefore, the spectral reflectance pattern changes with
stress in the visible (e.g., red, green and blue) and NIR regions of the electromagnetic
spectrum. The strong absorption features of water in the shortwave infrared (SWIR) have
been used as a water stress assessment tool [61]. Leaf chlorophyll fluorescence is measured
using portable optical system and compact chlorophyll fluorescence meter, which depend
on photosynthesis process. Chlorophyll fluorescence may occur before any physical signs
appears on a plant surface, where crop stress can be detected before any damage to plants
appears []. The photochemical efficiency of Photosystem II (PSII) is estimated by Fv/Fm,
which is the ratio of variable fluorescence (Fv) to maximum fluorescence (Fm), where non-
stressed plants have a ratio (Fv/Fm) of 0.8. This ratio is used as an indicator of water
stress. Thermal remote sensing has been used since the 1960s as an indicator of water
stress, which depends on the sensitivity of leaf temperature to evaporation rate and hence
to stomatal opening [75, 76, 77, 78]. Well-irrigated crop plants will transpire and cool
leaf temperature below the surrounding air temperature. Otherwise, water stressed plants
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will exhibit lower transpiration rates and leaves will become warmer than the surrounding
air due to the absorbed solar radiation[39]. Crop water stress index (CWSI) is widely
used as an indicator of water stress in crops [28, 79]. Different researchers were interested
in studying the effect of heat stress on crop development and yield [80, 81]. Canopy
temperature is used as an indicator to reduce the error associated in estimating heat stress
effect on crop yield. As an example, in Siebert et al. [80], two infrared radiometers were
fixed to a carrier at 0.5 m above the canopy and air temperature was measured using a
band-gap temperature sensor at 2.5 m above the canopy. Air temperature measurements
were verified using a weather station at 2 m height. It was found that increasing the soil
moisture through proper irrigation decreases heat and water stress[39].
Another example of crop stress that affects plant growth and development is weed
stress. Weeds will take most of the nutrients from a plant, and thus, leave a plant nutrient
deficient. Different methods are used to detect weed stress including spectral reflectance
measurements though aerial imagery, which has different limitations such as the absence of
quantitative data, high cost of color-infrared film, the image processing is time consuming,
and requiring variable interpretation [82]. Therefore, hyperspectral sensors are used to
detect different invasive weeds. As an example, Lass and his colleagues [83] utilized a 2 m
spatial resolution sensor with 12 nm spectral resolution to identify weed locations in Swan
Valley near Idaho Falls, ID and the spectral reflectance was measured between 415 and
953 nm.
Therefore, due to the previously mentioned limitations of different methods that are
used to detect nitrogen stress before any visual indicators appear on a plant surface, this
research proposes the use of thermal remote sensing through surface temperature measure-
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ments to detect crop stress as predicted by the exergy destruction principle.







Requires a lot of sampling
and processing time [10]
Electrical meters
High correlation between N status
and plant sap nitrate concentration,
Quick response as compared
to optical measurements [66],




total N in plant tissue,
Destructive,
Sensitive to other ions [10]
SPAD meter
Portable device,
High correlation between N
status and leaf
chlorophyll content [10]
Require many measurement points,
Dependent on leaf location [70],
Incapable of detecting over-fertilized
crops due to chlorophyll saturation,
Low sensitivity of detecting N
stress at early growth stages [10],
N can be underestimated
due to sieve effects,
N can be overestimated due to
chloroplast movements [13]
Reflectance
Applicable for large field areas,
High correlation between N status
and leaf chlorophyll [5]
Delayed sensitivity,
Need for specific chlorophyll,
Requires biomass or cover fraction [21],
lack of sensitivity for nitrogen
detection in early growth stages [17],
Affected by background noise,
affected by leaf area index (LAI) variability [84]
Florescence
Highly sensitive to plant N status
independently
from soil interference,
leaf area, and biomass status [10, 21],
Suitable for early growth stages
and widely spaced crops [20]
Power requirement
is a limiting factor for field
phenotyping applications [71],
Challenge of laser induced
fluorescence (LIF) measurements
is to separate the apparent reflectance
spectra from LIF in leaves [85]
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2.5 Surface temperature measurements
Many prior studies have noted the importance of measuring canopy and leaf tempera-
tures to monitor different physiological processes in crop plants such as evapotranspiration
[27, 86]. Monitoring the reduction in canopy temperature relative to air temperature is
considered as an indicator of transpiration effectiveness in leaf cooling under different en-
vironmental conditions [75]. Ecosystem surface temperature has also been proposed to
capture a spatial integrated response of thermal buffer capacity [87].
More closely related to the research conducted in this thesis is the work of Holbo
and Luvall [88], and Quattrochi and Luvall [89]. Holbo and Luvall [88] investigated the
frequency distribution of a spatial surface temperature variation in forests. Quattrochi
and Luvall [89] introduced three different indicators for ecosystem development including
beta index, thermal response number (TRN) and the ratio of net radiation to incident
radiation due to energy partition variation for different land covers. Beta index is utilized
to assess an ecosystem spatial temperature variability. TRN is the ratio between the total
net radiation to the difference in surface temperature over a time period as described in
Equation 2.1. It resents the amount of energy required to change one unit of temperature
[90]. It is used to distinguish between different land covers, for example, it can distinguish







where Rn is the total net radiation of the site over the time period between flights t1
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and t2 in Jm−2, ∆t is the time between flights, ∆T is the change in the mean surface
temperature (spatially averaged) [91].
In 1989, Luvall et al. [91] used a thermal infrared multispectral scanner (TIMS) to
measure the thermal infrared radiation emitted (8.2 - 12.2 µm) over a 400 m transact
with different land covers in Costa Rica. It was noticed that different land covers have a
significant difference in surface temperature, and that more developed ecosystems (e.g., a
tree island) has lower surface temperature compared to less developed ecosystem (e.g., a
pasture). Further experiments [92] using the TIMS were conducted in the H.J. Andrews
Experimental Forest using a similar setup with an aircraft [91]. The aircraft flew over a
1000 m transact measuring the surface temperature of different land covers (e.g., a narrow
road, a wide road, an edge of a forest, a pond, a shelter wood, and a trail). Two flights
were conducted over the transact, one around noon and the other post sunset. In addition,
as an example of a possible precision agriculture application for crop surface temperature
measurements, Rickman et al., [36] observed that crop surface temperature months prior
harvest (June) is highly correlated with crop yield at harvest (September).
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Chapter 3
The exergy destruction principle
Given the overall objective of this research is to investigate the application of the exergy
destruction principle applied to precision agriculture, it is necessary to first identify exergy
as a thermodynamic pseudo property with its corresponding properties, and thus provide
the foundation for a thermodynamic link of an ecosystem to its environment [37], by follow-
ing the exergy destruction principle via discussion. This chapter discusses the formulation
of the two proposed research hypotheses, the exergy destruction principle applied to crop
plants, the exergy and energy balances for crop plant system, and finally the importance of
black box consideration for a crop plant system, which is a complex open thermodynamic
system that exchanges energy and matter with the surroundings. This chapter will help
to answer the question of how exergy can be utilized to monitor health and development
of a crop system over time.
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3.1 Exergy
Energy has both magnitude and quality. The quality of energy is defined as exergy. Exergy
is the maximum useful to the dead-state work for a system moving from a given state to a
state of equilibrium with its surroundings [93]. Exergy is the maximum useful work involved
in many process [94]. Exergy is the available energy to be used [95] and it is also the driving
force for most biological and thermodynamic processes on earth [37]. The incoming solar
exergy is very large in magnitude compared to the amount of exergy being consumed. Wall
and Gong [96] mentioned that the sun maintains 13,000 times more exergy compared to
what human beings consume. The solar exergy that reaches the earth surface sustains
life on earth, which is related to the photosynthesis process of crop plants that converts
solar energy into chemical energy. Exergy is context sensitive because it is formulated with
respect to a reference environment; that is, if the environment temperature and pressure
change then the exergy changes [97, 98]. In addition, it can be used as a decision making
tool in many engineering and non-engineering applications, it is used as optimization tool
in power plant design and operation specifications [99]. Exergy is also used in life cycle
assessment [100, 101], resource accounting [98, 102, 103] and as an ecological indicator of
ecosystem development, complexity and integrity [104, 105, 106, 107, 108]. Exergy is not
conserved, unlike energy, it can be destroyed but not created [98, 109].
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3.2 The exergy destruction principle (EDP) overview
In non-equilibrium thermodynamics for complex systems such as ecosystems, exergy can
be used to measure the distance with which the system and the environment are kept
away from the equilibrium state due to an external applied gradient such as temperature
or pressure. Therefore, it requires that both system and environment are well defined.
Exergy is a useful tool to study non-equilibrium thermodynamic systems; the larger the
value of exergy the more out of equilibrium the situation is[110]. The exergy destruction
principle applied to non-equilibrium thermodynamics as discussed by James Kay [110]
states that "A system exposed to a flow of exergy from outside will be displaced from the
equilibrium state. The response of the system will be to re-organize itself so as to degrade
exergy as thoroughly as circumstances permit, thus limiting the degree to which the system
is moved from thermodynamic equilibrium. Furthermore, the further the system is moved
away from the equilibrium state, the larger the number of organizational (i.e. dissipational)
opportunities will become accessible to it and consequently, the more efficient it will be
at exergy destruction". The further the system is moved away from the equilibrium state
the more exergy will be destroyed and the system produces more entropy, thus more work
will be required to maintain the system in its non-equilibrium state [104]. This principle is
also called the restated Second Law of thermodynamics to include non-equilibrium systems
[111] where it is no longer a simple statement about entropy production, but states that
systems can be moved away from the equilibrium state by an external applied gradient.
As the external applied gradient increases, the system’s resistance of being moved away
from the equilibrium state increases. Destroyed exergy ( Ẋdestroyed) or work lost in the
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system is directly related to entropy production (ṠP ) through the environment reference
temperature (T◦ ) as described in the Guoy-Stodola theorem Equation 3.1 for a fixed
environment temperature [112, 113].
Ẋdestroyed = T◦ × ṠP (3.1)
Exergy destruction and energy degradation are related directly. Energy degradation
occurs when the quality of energy decreases. It is not referred as reduction in quality
(energy dissipation), because the concept of energy quality involves not only entropy, where
entropy production is often referred to as dissipation [114, 115], but also environment
consideration. The exergy destruction principle existing hypothesis states that ecosystem
development is associated with maximizing the amount of work available for the purpose
of structural organization, function, and survival [104, 105, 110]. Ecosystems are complex,
non-equilibrium self-organizing dissipative thermodynamic systems [116] that are open to
energy and mass flows, which maintain their organization and structure through continuous
energy dissipation [117, 118, 91, 119]. As ecosystems develop and mature they increase their
total energy dissipation and the use of available exergy, thus, they develop more complex
structures with greater diversity [116, 110]. Ecosystems develop in a way that enables
them to survive in the environment while increasing their ability to extract solar exergy
from the incoming solar radiation and use it to maintain their organization. The more
exergy the ecosystem captures the greater its ability to support organizational processes.
Thus, ecosystem development is measurable in terms of its use of exergy rate[116, 110].
Furthermore, the organization and complexity of an ecosystem increases with increase in
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ecosystem development [104, 105, 120].
Ecosystem development has been measured using surface temperature [119, 118, 91,
104, 105]. Schneider and Kay [104, 105] suggested that more developed ecosystems are
more efficient at energy dissipation compared to less developed ecosystems, thus their
surface temperature is lower compared to less developed ecosystems. Luvall and Holbo
[91] used a thermal infrared multispectral scanner over a 400 m transact with different
land covers. A significant difference of 10◦C was observed in surface temperature among
varying land covers. The more developed the land cover, the cooler its surface temperature
and the more degraded its emitted energy.
More developed ecosystems have larger biomass to accommodate the increase in com-
plexity, which is correlated with development. Lin et al [121] showed a theoretical rela-
tionship between entropy production/exergy destruction, and forest canopy temperature.
Entropy production and exergy destruction are directly related through the Gouy-Stodola
theorem [97]. However, the exergy destruction gives an additional information about the
system’s environment [122]. It was found that entropy production increases with ecosystem
development [121, 123], thus surface temperature decreases. It has been found that more
developed ecosystems tend to utilize more exergy from incoming solar radiation enabling
them to be more efficient in exergy destruction compared to less developed ecosystems
[35, 110, 37].
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3.3 The two research hypotheses
The exergy destruction principle states that ecosystems will develop in a way to maximize
the amount of work available to them for the purpose of structural organization, function
and survival [104, 105, 110, 34], which systematically increase their ability to destroy the
incoming exergy [122, 89]. Ecosystem organization increases with ecosystem development
[105, 124]. Therefore, maximizing organization corresponds to maximizing development.
A general trend in ecological science exists where more developed ecosystems have larger
biomass to accommodate the increase in complexity that is correlated with development
[105]. Crop development is also referred to as growth, which for agriculture crops gener-
ally correlates with yield [125, 126]. Furthermore, it was shown that the maximum work
available to an ecosystem exists for the lowest surface temperature given within a local
ecosystem or crop. Therefore, given the existing hypothesis as predicted by the EDP [110]
that ecosystem organization can be measured using surface temperature, and that increas-
ing ecosystem organization corresponds to increasing ecosystem development, growth and
yield. The primary hypothesis for this research is as follows:
HYPOTHESIS #1: It is hypothesized that agricultural crops experiencing greater growth
and providing greater yield will have lower surface temperature.
In addition, it is known that crop stress affects plant growth and development [40, 41].
When a crop plant is stressed with an external stress factor (e.g., excess heat, pests, or
nutrient deficiency), its functions and processes (e.g., stomatal conductance, transpiration,
respiration, and photosynthesis) are all affected. Highly stressed crops experience less
growth and development. Therefore, given Hypothesis #1 that a crop experiencing greater
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growth and development will have lower surface temperature, and given that crop stress
affects growth and development, a corollary hypothesis exists as follows:
HYPOTHESIS #2: It is hypothesized that stressed crop plants will have higher surface
temperature compared to non-stressed plants.
The two proposed hypotheses have been tested under greenhouse and field conditions.
In order to be able to use the two hypotheses for the purpose of precision agriculture, crop
plants need to be compared under the same environmental conditions.
3.4 The exergy destruction principle applied to corn
plants
This research applies the exergy destruction principle as a theory to explain the inverse
correlation between crop canopy temperature and crop stress. During the day, the amount
of exergy input (from solar radiation) is much greater than exergy output. Given that
solar exergy available to an ecosystem is maximized when surface temperatures are the
lowest, and based on the exergy balance for an ecosystem [104, 105, 37] that ecosystem’s
development and organization can be measured using surface temperature [116, 110], as
more developed and complex ecosystems have lower surface temperatures compared to less
developed ecosystems as predicted by the exergy destruction principle (EDP).
More developed ecosystems have larger biomass to accommodate the increase in com-
plexity and development [125, 126]. The exergy destruction principle considers crop devel-
opment directly, not crop stress, hence any link between stress and development requires
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an additional hypothesis. It is well known that stress affects crop growth and develop-
ment thereby altering the ability of the plant to exchange energy and matter with its
surroundings [86, 127]. Given this link, it is hypothesized that corn plants supplied with
optimum/higher rates of nitrogen will have lower surface temperatures compared to corn
grown under nitrogen stressed conditions.
Crop plant systems develop so as to degrade exergy more effectively, as revealed by sur-
face temperature measurements predicted from the exergy destruction principle [110, 120,
104, 105, 110, 116]. The EDP states that ecosystem development is associated with maxi-
mizing the amount of work available for the purpose of structural organization, function,
and survival [104, 105, 116, 110]. It is expected that more developed ecosystems degrade
the exergy content of the energy they capture more completely compared to less developed
ecosystem. It is found that the energy dissipation across an ecosystem is a function of
the temperature difference between the captured solar energy and the energy emitted by
the ecosystem. As an example, “if a group of ecosystems are bathed by the same amount
of incoming solar energy, the most mature ecosystem would have the coldest surface tem-
perature,” that is re-radiate at the lowest energy level [116]. Besides the temperature
expectation, a key point was made by Kay et al.[116] in the EDP expectation is that there
will be the "same amount of incoming solar energy". This condition recognizes that for
quantitative surface temperature comparisons between ecosystems their environment must
be the same. Therefore, in order to quantitatively compare different nitrogen supplied corn
plants using the EDP, the environment must be the same for all the crops being compared
as exemplified by the experiment that was conducted by Allen and Norman [128] in a wind
tunnel for the same type of crop under two different environments (high and low wind
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speed conditions) [116], where it is found that crops in a wind tunnel is cooler at wind
speeds that it had acclimated and crops are able to use exergy more efficiently in condi-
tions that are less stressful. The inverse correlation between ecosystem development and
surface temperature in plant communities was discussed by Allen and Norman [129, 130].
It is suggested that surface temperature of plant communities tend to increase when they
move from their normal living conditions. It is found that plant communities are cooler
and degrade more exergy when they are in their normal living conditions, which they are
adapted to.
For the purpose of this research, the relevant plant system is not an individual corn
plant, but a crop of plants. With the crop plant system selected, the nitrogen rate is an
internal variable for the black box assumption, the same as a difference in DNA/genes
between corn hybrids as reported in Feng, et al.[131], which is an internal variable to the
crop plant system. The key to the crop of plants viewpoint is that what should be measured
is the crop canopy temperature. Figure 3.1 represents the system boundaries for corn crops
grown under field and greenhouse conditions. In this research corn plants grown under
greenhouse conditions were used as a proxy for corn plants grown under field conditions.
The greenhouse environment can be used as a proxy for the field environment because of
the (i) similarities in air temperature, humidity, and incoming solar radiation, and (ii) the
nitrogen rate supplied can be similarly controlled in the field and the greenhouse.
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(a) Field (b) Greenhouse
(c) Crop system boundary surrounds multi-
ple plants, roots, encompassing soil and sur-
rounding air
(d) Proxy of crop system boundary sur-
rounds multiple plants, roots, pots, en-
compassing soil and surrounding air in the
greenhouse
Figure 3.1: The selected system boundary for corn plants grown in the field and greenhouse.
As a summary, the exergy destruction across a crop plant system is a function of the
difference between incoming and outgoing exergy flows. The exergy of incoming solar
energy and the exergy of outgoing surface radiation emissions dominates the exergy flows
[122], assuming that a crop plant system is bathed by the same amount of incoming solar
energy (i.e., under the same field conditions/same environment), then less stressed crops,
which are more developed and mature, will re-radiate its energy at the lowest exergy level,
thus will have the lowest surface temperature compared to stressed crops.
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3.5 Physiological, ecological and black-box crop plant
system consideration
This research, does not attempt to explain “the physiological and ecological” considera-
tions because the applied exergy destruction principle (EDP) excludes the internal system
functions, and is only concerned with energy and mass flows at the system boundary. The
EDP is a “black-box” theory, therefore, understanding the internal mechanisms is not part
of applying EDP thermodynamics once a system boundary has been identified.
From an engineering thermodynamic perspective, a crop plant system can be mod-
elled as a black-box with input and output energy and mass flows [37, 34], therefore, all
physiological processes and mechanisms used to raise or lower surface temperature such as
stomatal conductance, transpiration, respiration and photosynthesis are implicitly taken
into account and are not directly considered in this work. Furthermore, the nutrition sup-
ply is considered within the black-box definition of a crop plant system and is not part of
a different environment.
In the greenhouse experiments, leaf surface temperature has been measured as a proxy
for canopy temperature because this work investigates early growth stages (e.g., V2 stage)
where canopy temperature (defined as the spatial average temperature of a grouping of
multiple plants + soil) would be dominated by soil temperature. This significantly increases
the noise-to-signal ratio when studying the temperature differences between stressed and
less stressed crop plants. In contrast, surface temperature differences predicted by the
exergy destruction principle (EDP) should be dominated by development/growth which is
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concentrated in early growth stage corn plants. In order to compare crop plants supplied
with different nitrogen rates using the EDP, the environment needs to be the same between
systems. That is, by looking at canopy temperature, nitrogen availability is internalized
inside a “black-box”, thus enabling an EDP consistent comparison between crops supplied
with different nitrogen rates.
3.6 Energy analysis applied to a corn plant system
The exergy destruction principle depends upon a black-box concept of engineering thermo-
dynamics to asses how surface temperature can be used to characterized the energy flow of
a crop plant system. A crop plant system is a complex open thermodynamic system that
exchanges energy and matter with its surroundings. From an engineering thermodynamic
perspective, a crop plant system can be modeled as a thermodynamic black-box with input,
output energy, and mass flows [37] as presented in Figure 3.2. For the mass flow, the input
water is through the soil and rain/watering, the output water is through evaporation from
the soil and evapotranspiration from the corn plant surface, the fertilizer input is through
discrete applications at specified times, and the mass outputs as a biomass. Air flowing
in and out of the system will carry with it water vapor in the form of humidity, while the
soil may conduct thermal energy into or out of the system. When solar radiation reaches
the crop surface it will be absorbed or reflected. The background radiation comes from
radiation emitted from particles and molecules in the atmosphere and surrounding objects.
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Figure 3.2: Mass and energy flows of a crop plant system
Referring to Figure 3.2, the First Law of energy balance for a crop plant system is
described by Equation 3.2.
dE
dt
= Ėin − Ėout (3.2)
=(net radiation input)+(net thermal energy input)+(work transfer input)
















is the change of system energy with respect to time, Ėin is the input energy to
the system and Ėout is the output energy from the system. φ̇Solar_in is input solar radiation,
φ̇Reflected is reflected radiation, φ̇Background is background radiation, φ̇Emitted is emitted
radiation, Q̇soil_Conduction is soil conduction heat flux, P is the atmospheric pressure, V is
the system volume, u is the specific internal energy of the system, v is the velocity of the
system in m/s, g is gravitational acceleration in m/s2, z is the system height in m, and
ṁinput(output) is the mass flow input (output) to (from) a crop plant system.
Now, not all the terms presented in Equation 3.3 are significant for thermal remote
sensing measurements collected during mid-day conditions. A summary of the energy
components and their significance is presented in Table 3.1.
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Table 3.1: The energy components for a crop plant system






PdV Zero. By definition, there is no
change in the system volume (V ),
therefore dV = 0 at all times, and
the work transfer is necessarily al-
ways zero.
Since dV = 0, pressure changes are irrele-
vant.
Air and water trans-
port via expansion
Negligible, for more details please
refer to Appendix E.
Assumptions: Ideal gas; minimum 4 hours
of heating from coolest to warmest plant
temperature (i.e, morning to afternoon).
Fertilizer input zero Fertilizer is only added once or periodically,
it is not added the day of temperature mea-
surements so the "rate" of energy flow from
fertilizer on the day of measurement is zero.
Note, Equation 3.3 is a rate equation.
Water transport due
to transpiration
Order of 102 W/m2,for more de-




mass flow of 3.7 L/day/m2 [132]. The
energy water output is 102 W.
Biomass output Zero. It is zero before harvest, when temperature
measurements were conducted.
Continued on next page
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Table 3.1 – The energy components for a crop plant system






Small Assumptions: 1 m depth below ground; area
of 1 m2 change in temperature between
soil surface of 35 ◦C and soil temperature
of 10 ◦C; thermal conductivity (k) of the




Emitted radiation [400-700 W/m2] Observed during mid-day measurements.
Reflected radiation [80-120 W/m2] Observed during mid-day measurements.
Background radia-
tion (5-30 µm)
[350-500 W/m2] Observed during mid-day measurements.
Incoming solar radia-
tion (0.3-2µm)
[400-900 W/m2] Observed during mid-day measurements.
From Table 3.1, it is concluded that the radiation terms (i.e., incoming solar, reflected,
background, and emitted radiation) and the transpiration term, in Equation 3.3, dominate
the other energy balance terms.
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3.7 Remote sensing energy balance
The energy balance given by Equation 3.3, is expressed in another form by many researchers
in the environmental and remote sensing fields of study [121, 134, 135, 91, 136, 137]. The
alternate form of Equation 3.3 is given by Equation 3.4, which will be referred to as the
remote sensing energy balance equation that include both radiation and non-radiation
energy terms. Equation 3.4 is provided to permit the current research work to be related
to previous remote sensing work. The remote sensing energy balance equation is given by
Rn = H + LE +G (3.4)
where Rn, is the net input radiation energy defined below in Equation 3.5. It is the
amount of radiation energy transformed at the surface into non-radiative processes [91].
H is the sensible heat flux to the air, LE is the latent heat flux to the water through
evotranspiration, and G is the energy flux into the soil. The sensible heat flux (H) in
Equation 3.3 is calculated through air mass flow multiplied by specific heat and enthalpy
(Ėout) = ṁoutCp∆T (Appendix E), the latent heat flux (LE) is calculated as described in
section E.3 for the net water transpiration through mass flow output [138], and the energy
flux into the soil (G) is the same calculation as Q̇Soil_conduction described in Table 3.1. The
net input radiation energy is given by Equation 3.5.
Rn = (φSolar_in + φBackground)− (φReflected + φEmitted) (3.5)
where, from Section 3.6, φSolar_in is the input solar radiation, φReflected is the reflected
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radiation, φBackground is the background radiation, φEmitted is the emitted radiation.
It is also common for the remote sensing energy balance Equation 3.4 to split the elec-
tromagnetic radiation spectrum into shortwave and longwave radiation [91, 118]. This
split is performed because solar energy dominates the shortwave electromagnetic spectrum
while the longwave corresponds to thermal radiation. For example, [139] classifies short-
wave radiation to be in the 0.3-3 µm range, and longwave radiation to be in the 3-50 µm
range. The alternative form of Equation 3.5 is given as follows [121]
Rn = Kin −Kout + Lin − Lout (3.6)
where, Kin is the incoming shortwave radiation, Kout is the outgoing shortwave radia-
tion, Lin is the incoming longwave radiation, and Lout is the outgoing longwave radiation.
3.8 The Second Law of thermodynamics: Entropy anal-
ysis
Based on the Second Law of thermodynamics, the rate of entropy change in the system
equals the rate of entropy input minus the rate of entropy output plus the rate of entropy
produced due to system irreversibilites as described by the following equations [121]:
dS
dt









) + (ṁinSin − ṁoutSout) + Ṡp (3.8)
where dS
dt
is the change of entropy in the system, Ṡin, Ṡout is the input and output
entropy to the system, and Ṡp is the entropy produced in the system. Q̇in, Q̇out is the
input and output rate of heat transfer to the system in W.m−2, and T0 is the environment
reference temperature.
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There is a controversy between researchers on how to calculate the entropy flow associ-
ated with radiation energy transfer [93, 140, 141, 142]. The controversy concerns whether
or not there is a 4
3
term. The entropy S of an equilibrium photon gas at a black-body







Solar radiation is a non-equilibrium beam radiation, the related photon gas is no longer
isotropic, and the validity of a relationship between energy and entropy flux similar to
Equation 3.9 is no longer clear. Some researchers argued that the radiative entropy flux is
related to energy or heat flux in the same manner as in the case of heat conduction (i.e.,
S = Q
T
) [143, 144, 145, 146]. Other researchers suggest that the Planck factor of 4
3
need to




) [145, 147, 140]. Wright [140] showed that
using the Q
T0
relationship for calculating the entropy of thermal radiation heat transfer may
have a significant error and cause the irreversibility of the energy conversion device to be
underestimated. When solar radiation energy crosses a system boundary it can carry more
entropy across a boundary than conduction or convection entropy flux for the same energy
flux and source temperature [93, 141, 148, 149, 147]. A detailed analysis of the radiation
entropy is presented in the work of Kabelac [150, 145]. In contrast, there is a group of
researchers who do not include the 4
3
term in the entropy flow associated with radiation
energy transfer calculation [121, 151, 142]. As an example, Ozawa et al., [151], argued that
the 4
3
term is only needed if the emitted radiation is absorbed, scattered, and changed into
isotropic radiation in thermodynamic equilibrium, which is not the case for solar radiation
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as it is a non-equilibrium beam of radiation lying in a specific solid angle and possessing
the brightness temperature of TSun. In order to calculate the exergy associated with solar
radiation for this work, the three models proposed by Kabelac [150, 145] were considered.
Each model involved different assumptions, but all three models incorporated the 4
3
term.
It is beyond the scope of this work to resolve the 4
3
controversy, however, it will be noted
that regardless the controversy surface temperature would still be a characterizing factor
for the solar exergy. In addition, from previous thermal remote sensing and solar exergy
work [145, 93, 148, 152, 153] that assumed the existence of the 4
3
term, so this research is
consistent with previous work. The model of Kabelac [150, 145] that is used in this work
to explain the relationship between solar exergy and surface temperature is identified in
the next section (Section 3.9).
The rate of entropy flux (Ṡflux) as used by many researchers in the field of environmen-
tal, thermal, and remote sensing studies which is calculated as follows [121]
Ṡflux = ṠφSolar_in − ṠφReflected + ṠφBackground − ṠφEmitted − ṠH − ṠLE − ṠG (3.10)
where ṠφSolar_in is the entropy associated with input solar radiation, ṠφReflected is the
entropy associated with reflected radiation, ṠφBackground is the entropy associated with back-
ground radiation, ṠφEmitted is the entropy associated with emitted radiation, ṠH is the en-
tropy associated with sensible heat transfer,ṠLE is the entropy associated with latent heat
transfer and ṠG is the entropy associated with soil heat flux. In addition, there is no need
to include the 4
3
factor for radiation heat transfer terms described in Equation 3.10 because
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it expresses the radiation terms in general entropy terms (e.g., ṠφSolar_in), which does not
specify how to calculate the radiation entropy terms. Finally, the entropy balance equation
in this section is only presented for completeness of the thermodynamic balances; it is not
directly used in this research.
For this work, the interest is in exergy, not entropy, though both are related to each
other as follows: For a fixed environment temperature, the rate of exergy destruction (Ẋd)
is proportional to the rate of entropy production through the Guoy-Stodola theorem [97]
which is discussed in Section 3.2 from this chapter.
3.9 Solar exergy
Solar exergy (or low entropy radiation input to the earth relative to earth’s output radi-
ation) is essential to the existence of life on earth as it provides the potential to organize
earth’s elements into more complex structures. This organization potential is primarily
captured via photosynthesis process that converts solar energy into chemical energy for
the purpose of sustaining life on earth [104]. When solar radiation that carries high ex-
ergy content comes into contact with the earth, it will interact with matter and biological
processes, and start to degrade [37].
Now, there are three different models that exist to calculate the solar exergy, each of
which is based on different assumptions [150, 145, 93]. The three models are discussed
next, and only one model is identified for the use in this work.
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Model 1: Zero entropy production, finite area
Model 1 assumes zero entropy production and a finite system area. Kabelac [150] then
derives the following equation for the solar radiation exergy, where the surface temperature
(TSurface) is equal to the environment reference temperature (T0), so that there is no entropy












where XSolar,Model1 is the solar exergy for model 1, φT,Solar is the solar radiation energy
which is calculated using Stefan-Boltzmann law, TSurface is the surface temperature in K,
and TSolar is the sun temperature in K. This model is chosen for the solar exergy discussion
in this work because real systems are of finite area, and the zero entropy production
assumption is consistent with the zero entropy production Carnot engine assumption.
Model 2: Non-zero entropy production, finite area
Model 2 assumes a non-zero entropy production and a finite area system. Although,
Model 1 is used in this work for solar exergy calculation, the second model is provided to
reveal that it also yields to an increasing exergy with decreasing surface temperature. The











where TOptimum is the surface temperature, that is defined by the solution to the fol-
lowing Equation 3.13
4T 5Surface − 3T0T 4Surface − T 4SolarT0 = 0 (3.13)
The other variables described in Equation 3.12 are also found in Equation 3.11. Where
XSolar,Model2 is the solar exergy for model 2, φT,Solar is the solar radiation energy, and T0 is
the environment temperature.
Model 3: Zero entropy production, infinite area
Model 3 assumes zero entropy production and infinite area system. In addition, the third
model is provided to reveal that it also yields to an increasing exergy with decreasing





For this model it is assumed that surface temperature will approach solar temperature.
Since infinite area is assumed for this model, Kabelac [150] pointed out that model 3 can
be used as the maximum theoretical efficiency of solar radiation, but not for solar exergy
calculation.
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3.10 Exergy analysis applied to a corn plant system
Now applying the black-box concept to exergy analysis using the same approach discussed
previously and presented in Figure 3.2. It shows that surface temperature can be used as
a sole measurement for the net exergy available to a crop plant system. From the general
balance equation, the rate of exergy change in the system equals the rate of exergy input
minus the rate of exergy output minus the rate of exergy destroyed.
dX
dt
= Ẋin − Ẋout − Ẋdes (3.15)
Now, Equation 3.15 can be expanded as in the case of the energy flows into and out of
the crop plant system, shown in Figure 3.2, as follows
dX
dt








− ẊReflected − ẊEmitted − ṁoutψout − Ẋdes (3.16)
where dX
dt
is the change of system exergy with respect to time, Ẋin is the input ex-
ergy to the system, Ẋout is the output exergy from the system, and Ẋdes is the exergy
destroyed due to reversibilities. ẊSolar_in is the exergy associated with input solar radia-
tion, ẊReflected is the exergy associated with reflected radiation, ẊBackground is the exergy






Q̇Soil_conduction is the exergy associated with soil heat conduction where
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Q̇soil_Conduction is soil conduction heat flux, T0 is the reference environment temperature
and TSoil is the soil temperature. P is the atmospheric pressure, V is the system volume,
and ṁin(out) is the mass flow input (output) to (from) a crop plant system. ψin(out) is the
specific exergy input (output) to (from) a crop plant system.
The specific flow exergy is calculated as follows [93, 97]
ψin (out) = (hin (out) − h0)− T0(Sin (out) − S0) (3.17)
where hin, hout are the specific input and output enthalpy in and out of the system
measured in kJ/kg. T0 is the reference environment temperature, which is assumed of 30
◦C for exergy calculations. Sin, Soutput are the input and output entropy in and out of
the system measured in kJ/kg.K. h0, S0 are the enthalpy and entropy at the reference
environment temperature.
Now, not all the terms presented in Equation 3.16 are significant for thermal remote
sensing measurements collected during mid-day conditions. A summary of the exergy
components with their corresponding significance is presented in Table 3.2.
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Table 3.2: The exergy components for a crop plant system






PdV Zero. By definition, there is no
change in the system volume (V ),
therefore dV = 0 at all times, and
the work transfer, or exergy trans-
fer, is always zero.
Since dV = 0, pressure changes are irrele-
vant.
Air and water trans-
port via expansion
Negligible,for more details please
refer to Appendix F.
Assumptions: TEnvironment_reference=30◦C,
and TSoil_input=10◦C.
Fertilizer input Negligible,for more details please
refer to Appendix F.
Assumptions: Average solar plus back-
ground flux in Elora Ontario is 1325W/m2,
1 m2 surface area, 3 months growing season,




Small order of 0.012% of the so-
lar exergy, for more details please
refer to Appendix F.
Assumptions: TEnvironment_reference=30◦C,
and TSoil_input=10◦C.
Biomass output Zero It is zero before harvest, when temperature
measurements were conducted.
Continued on next page
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Table 3.2 –The exergy components for a crop plant system






Small order of 0.088% of the solar
exergy.
The exergy associated with soil heat transfer





Q̇soil_conduction, where TSoil=10 ◦C (283 K)
and T0=30 ◦C (303 K), so the Soil conduc-
tion exergy is 0.53 W. Then, the relative










The background exergy ratio
(XBackgroundφBackground ) is 0.0163 and 1.17 ×
10−3 for TBackground=1◦C and
18◦C, respectively, for more de-
tails please refer to Appendix F.
The exergy contribution from background
radiation for assumed background tempera-
tures of TBackground=1◦C and 18◦C is small
(1.2 %) to negligible (0.0828 %), respec-
tively.
Solar radiation The solar exergy (XSolarφSolar ) is 0.931,
for more details please refer to Ap-
pendix F.







As a conclusion from Table 3.2, the solar exergy dominates all other exergy input
and output terms, with most of the solar exergy being destroyed or used by the system
in one manner or another. For example, for photosynthesis and transpiration processes.
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Furthermore, from Equation 3.11 the solar exergy can only be changed by changing the




This chapter discusses the overall thermal image acquisition and processing that were
conducted during temperature data collection under the greenhouse and field conditions.
4.1 Thermal image acquisition
Temperature measurements were initiated at the three leaf tip stage (V1 stage) of corn
seedling growth using a high resolution research thermal camera (T620 series, FLIR Sys-
tems, Canada). The thermal camera specifications are described in Table 4.1. The camera
has a precision of 0.1◦C. FLIR T620 thermal camera has an uncooled microbolometer that
is very sensitive to temperature drift of the camera housing. The thermal camera was pow-
ered on for at least 10 minutes prior to thermal image acquisition to minimize the effect of
vignetting [154]. In addition, a manual non-uniformity correction (NUC) was performed
before taking every image to reduce the fixed pattern noise [155, 156] and maintain a good
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image quality. The manual NUC involves the selection of a calibration function to force
the thermal detector to re-calibrate the location of every pixel in the image.
Table 4.1: FLIR T620 thermal camera specifications
Resolution 640 × 480
Accuracy ±2◦C
Temperature range -40–650◦C
Spectral range 7.5 –14 µm
Field of view 25◦ × 19◦
The canopy thermal images were consistently taken perpendicular to the plant surface
(in the nadir direction). The thermal camera calculated surface temperature from the
incident thermal radiation on the thermal detector. Different parameters are required as a
user input to the camera including surface emissivity, distance from the camera lens to the
object, reflected apparent temperature, atmospheric temperature, and relative humidity,
prior to thermal image acquisition to obtain an accurate estimate of surface temperature.
The thermal camera corrected the object temperature for atmospheric and sky background
variation.
Prior to crop temperature measurements, an average emissivity of 0.96 was determined
under multiple laboratory experiments, based over the 7.5 to 14 µm waveband for corn
leaf thermal emissivity measurements. The reflected apparent temperature was measured
each time prior to surface temperature measurements using the procedures described in the
thermal camera’s user manual and the guidance of ISO18434–1. The thermal camera was
calibrated using a blackbody source (463 Cavity black-body, Infrared Industries, Hayward,
USA). The difference between the thermal camera measurement and the standard reference
temperature was no more than the accuracy of the thermal camera (± 2◦C). The thermal
52
camera was calibrated before every measurement using the Programmable NUC set in the
camera. The reflected apparent temperature was estimated using a crumpled aluminum
foil to reduce the specular reflection. The aluminum foil was placed in front of a canopy
surface and the emissivity was set to 1 [157, 158].
4.2 Processing of thermal images
Surface temperatures were extracted from the collected thermal images using FLIR Re-
searchIR (FLIR Systems Inc., Boston, MA, version 3.5) and Matlab R2018B (Mathworks
Inc., Natick, MA) software. Multiple thermal images were collected to calculate the error
in temperature measurement. The pixel value in each thermal image represents the tem-
perature of that pixel since a radiometric thermal camera was used. Thermal images were
converted to ‘csv’ file format using ResearchIR, then imported into Matlab. In addition,
thermal images were analyzed in Matlab using the image processing toolbox. The average
and maximum temperatures were extracted from each selected region of interest (ROI).
In the greenhouse experiments leaf surface temperatures were collected from the mid-
dle two rows to avoid any border effects from the neighboring corn plants and due to size
limitations the ROI over a leaf surface was defined as a rectangular box of approximately
2000 pixels (0.03 m2), when calculating leaf surface temperature. Furthermore, the ROI
was defined over multiple plants as a rectangular box with 100,000 pixels( 1.5 m2), for
canopy temperature measurements. The raw data, metadata of a thermal image, and cali-
bration constants were obtained using an Exiftool program (Harvey, 2016). The maximum
standard deviation of temperature values measured within the selected ROIs was 2 ◦C at
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the canopy level and 7 ◦C at soil level.
The measured leaf and canopy temperatures are affected by the variations in soil and
air temperatures. Air temperature was measured using a type T thermocouple attached to
a corn plant at 2 m height, where the tip of the thermocouple was exposed and measured
the surrounding air canopy temperature. Soil temperatures were extracted from thermal
images. The following two equations 4.1, and 4.2 represent the corrections that were
applied to leaf and canopy temperatures for the temperature data collected from the field
experiments.
Tcc = Tc − Tair + Tair_mean (4.1)
Tcc = Tc − Tsoil + Tsoil_mean (4.2)
Where Tcc is the corrected canopy temperature, Tc is the measured canopy temperature
(◦C), Tair is the air temperature (◦C), Tair_mean is the mean air temperature (◦C), Tsoil is
the soil temperature (◦C), and Tsoil_mean is the soil mean temperature (◦C).
Thermal images were obtained in a standard JPEG format. The images were decom-
posed into: raw data, metadata, FLIR logo and calibration constants for a specific camera
model using the Exiftool program (Harvey, 2016). The raw images in TIFF format were
processed in Matlab software and converted to radiometric temperatures using equations
described in Di Felice et al. [159] after applying the thermal camera calibration constants
obtained from the thermal image metadata.
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4.3 Data analysis
Statistical data analysis was conducted on the collected leaf, whorl and canopy tempera-
tures using Matlab software. Analysis of variance (ANOVA) and F-test were applied to
investigate the significance of the difference in surface temperature across nitrogen treat-
ments. Statistical significance was determined using a p-value < 0.05. In addition, linear
regression models were used to test the relationship between temperature, nitrogen rate
and yield. Pearson correlation analysis was used to investigate the relationship between
yield and surface temperature. A paired t-test with an equal variance assumption was
used to compare temperatures associated with the two nitrogen extremes (i.e., high and
low nitrogen supply). Tukey’s post hoc test was used to investigate which specific treat-
ment means (compared with each other) are different. T testing at P <0.05 was used to
test the significance of the difference between low and high nitrogen treatments across the





Nitrogen (N) is one of the most important yield-limiting nutrients for corn (Zea mays)
production worldwide [160]. The exergy destruction principle was refined to provide two
directly related research hypotheses. The first hypothesis describes the relationship be-
tween plant development and crop temperature, and the second hypothesis suggests an
inverse correlation between crop stress and crop surface temperature. The first hypothesis
states that agricultural crops experiencing greater growth and providing greater yield will
have lower surface temperature and the second hypothesis states that stressed crop plants
will have higher surface temperature compared to less stressed plants. The two hypotheses
were tested under the greenhouse conditions. Different experiments were conducted at the
University of Guelph and University of Waterloo greenhouses under different set conditions
from the period of Oct 2015 to Apr 2016 and Apr 2019 to Feb 2020, respectively.
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For the experiments conducted at the University of Guelph greenhouse, the main ob-
jective was to investigate whether there is a difference in surface temperature between corn
plants supplied with three different rates of nitrogen ( high, medium and low rates) in the
first two experiments, and for the last two experiments the main objective was to deter-
mine whether surface temperature decreases with supplying N rate for nitrogen stressed
corn plants. For the other set of experiments conducted in the University of Waterloo
greenhouse the main objective was to investigate whether there is a difference in leaf ther-
mal emissivity for corn plants supplied with four nitrogen rates (high, medium, low and
no nitrogen supply).
5.1.1 The environment consideration for greenhouse experiments
Greenhouse leaf surface temperatures were measured and averaged as a proxy for canopy
temperature that inherently averaged over multiple plants and soil. The first part of es-
tablishing this proxy between leaf surface temperature and crop temperature was to report
averages of leaf temperatures taken from multiple greenhouse plants (e.g. 20 plants per
each N treatment), measured at the same time (±30 minutes), from within the same green-
house. In order to complete the establishment of leaf surface temperature measurements
as a proxy for crop surface temperature measurements, consideration must be given to soil
temperature impacts; specifically, (i) potted soil versus field soil impacts, and to (ii) why
soil temperatures were not averaged with leaf temperatures.
(i) Potted soil versus field soil temperature: leaf surface temperature measurements
were conducted around solar noon. At this time of the day soil temperature at depth,
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(e.g., 15 cm) would be lower than the surrounding environment air temperature, whether
the plants were growing in the greenhouse or in the field. However, there will be a difference
in field versus greenhouse soil temperature for a given air temperature due to the lower
thermal mass of the greenhouse soil, and due to a larger contact surface area with air. More
specifically, the greenhouse soil for a given air temperature at noon hour will be warmer
than the field soil. The first reason because the greenhouse does not experience as cold
temperatures as the soil in the field, assuming that night temperatures are cooler than the
day, therefore, the greenhouse soil is warmer in the morning. The second reason because
the thermal mass in the greenhouse soil per plant is less so it will warm up more quickly
for a given energy input.
(ii) Potted soil versus field soil canopy temperature impact: With the greenhouse soil
being warmer than the field soil, there are two possible scenarios for the plant temperature,
either the greenhouse plants will be at the same temperature as the field plants or they will
be warmer. Near the noon hour greenhouse plant temperatures may be the same as field
plant temperatures if the plant biology manages, possibly through changes in transpiration
rate, to operate in a manner that stabilizes plant temperature for the possible purpose of
optimizing photosynthesis. Or, near the noon hour greenhouse plant temperatures may be
shifted to a higher temperature due to the warmer greenhouse soil. Either way, there is no
known plant cooling mechanism that would change the relative order of plant temperature.
Therefore, any difference between greenhouse and field soil temperatures is not expected
to change the trend for plant surface temperature measurements, and therefore, the potted
plants and soil surface temperatures in the greenhouse can be used as a proxy for field crop
surface temperatures.
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(iii) The exclusion of soil temperature from average crop temperature: whether the
crop temperature measurements are conducted in the greenhouse or the field, it is desir-
able to only measure plant surface temperature to improve the signal-to-noise ratio. For
early growth crops, canopy temperature (defined as the spatial average temperature of a
grouping of multiple plants + soil) would be dominated by soil temperature. However, the
temperature differences between stressed and less stressed corn plants, predicted by the
EDP, should be dominated by development/growth, with the soil acting as a noisy and
large background signal that would swamp early growth averages of canopy temperature,
thus possibly obscuring in the noise EDP predicted temperature trends between stressed
and non-stressed crops. Therefore, for signal-to-noise purposes it was desirable to exclude
soil surface temperatures when measuring crop average temperature, provided this exclu-
sion would affect observed temperature trends between stressed and non-stressed crops. If
one considers that the non-stressed plants are predicted to develop and grow faster, the
effect is to shade more soil more quickly which can only serve to magnify the expected
EDP cooling trend, not to change the trend. Soil surface temperature measurements con-
firmed this expected cooling. Therefore, it was concluded that soil surface temperature
could be excluded from the measured canopy temperature, with only averages of plant
surface temperatures being used in order to improve signal-to-noise ratio. As a corollary,
in the late growth stage, the soil becomes obscured, therefore only measuring plant surface
temperature for late growth stages (assuming a typical corn crop planting that seeks to
optimize the land use). Lastly plant surface temperatures that cannot be viewed from the
top are, by definition, not part of the crop canopy temperature.
Finally, given that the greenhouse is a good proxy for the field environment, and given
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to improve the signal-to-noise ratio, only plant surface temperatures need be averaged. In
addition, given that leaf surface temperatures are a good proxy for plant surface tempera-
tures when viewed from the top, it was concluded that averages of leaf surface temperatures
from multiple potted plants serves as a good proxy for field crop canopy temperatures.
5.2 University of Guelph experiments
5.2.1 Materials and methods
Greenhouse experiments were conducted at the University of Guelph, Ontario, Canada
from Oct 2015 to Apr 2016. A single seed of corn hybrid Pioneer P8906AM was planted
at a depth of 2 cm in the center of 180 individual pots (22.86 cm width, 22.54 cm depth)
of 5.62 Liters in volume. It took the corn seed approximately one week to emerge. The
soil mixture was Turface R©MVP (Profile Products LLC Buffalo Grove, USA). The pots
were placed onto six separate benches, each bench consisting of 30 pots (i.e., 6 pots wide
× 5 pots in length) as presented in Figure 5.1. The experimental design was a random-
ized complete block.Two benches were assigned as independent individual replicates per
nitrogen treatment. The pots had holes at the bottom to allow for adequate drainage.
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Figure 5.1: The University of Guelph greenhouse experimental design
Nutrients were mixed with water and supplied automatically right after seed emergence
to each bench separately using a miniDos pump (Hydro systems, Cincinnati, USA) con-
nected to a timer. The nutrients mixture was supplied to each pot individually using a
drip irrigation system. Each pot was supplied with an average of 2.5 cm water per week
and weeds were manually removed from pots at the time of seed emergence to ensure that
corn plants are only under nitrogen stress. The light source in the greenhouse was set to
supply a 16 hour photoperiod. Two types of non-dimmable lamps were used; a 1000 Watt
Metal Hallide lamp (SYLVANIA 64469-3, Gerrie Electric, Hamilton, Canada) and 1000
Watt High pressure sodium lamps (SYLVANIA 64469-3, Gerrie Electric, Canada). There
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were 18 lamps of each type alternating in 6 rows of 6. The light intensity at bench level was
between 575 to 780 umol.m2s. Lights were controlled with an ARGUS Control System.
Two fans were used for air circulation inside the experimental room.
Two experiments were conducted to study the effect of varying nitrogen rate on surface
temperature. The first experiment (Expt 1) utilized three rates of nitrogen (N); high (20
mM), medium (12 mM), and low (4 mM) N rates applied to individual pots right after
the emergence of a corn seed as described in [161]. Experiment 1 included two tests, one
conducted in October 2015 (test 1) and one in January 2016 (test 2). In each test, two
benches were assigned as independent individual replicates per treatment for a total of
four replications (two tests × two benches). The second experiment (Expt 2) utilized the
high rate of nitrogen (20 mM N) applied to individual pots at different timings; benches
1 and 4 were supplied with nitrogen at the beginning of the experiment (after one week
of seed planting), benches 2 and 5 were supplied with N after two weeks of seed planting,
and benches 3 and 6 were supplied with N closer to the end of the experiment (after three
weeks of seed planting). In experiment 2, two tests were conducted; one in February 2016
(test 1) and one in April 2016 (test 2). Expt 1 and Expt 2 setups are shown in Figure 5.2.
Temperature data were collected from the middle two rows to avoid any border effects, 10
measurements per bench were conducted with a total of 20 measurements per N treatment.
The mean leaf surface temperature reported in this section and following sections are an
average of 20 measurements per nitrogen treatment.
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Figure 5.2: The two Experimental setups conducted at the University of Guelph greenhouse
Corn plants were hand harvested at V7 growth stage and dried in an oven for 5 days at
80 ◦C set temperature. The biomass of dried corn (stem, leaves and root) was measured
using a digital scale, which needed to be calibrated manually before every measurement.
Visual differences were observed across nitrogen treatments in corn plant height, leaf color,
and root configuration. Corn leaf stage and plant height were recorded 2 to 3 times per
week to ensure that corn plants were growing and developing properly with respect to
applied nitrogen rates (Figure 5.3).
(a) Different heights of corn due to dif-
ferent N supplied timings (Expt 2)
(b) Different root configuration for
high, medium and low N rates (Expt
1)
Figure 5.3: Corn plants grown at the University of Guelph greenhouse from Expts 1 and 2.
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5.2.2 Results and Discussion
In the first experiment conducted in the greenhouse to investigate the supplied nitrogen
rate variation on surface temperature, an approximate difference of 1 ◦C was observed in
leaf surface temperature between corn plants supplied with high and low nitrogen rates,
which supports the hypothesis that stressed plants will have higher temperatures compared
to less stressed plants at a 0.05 significance level (Table 5.1 and 5.2).In both tables the last
column contains a, b beside each p-value number, which represents a statistical significance
at P ≤ 0.05. In addition, leaf tip stage is the average leaf stage for high nitrogen rate corn
plants on a specific day. Leaf surface temperature decreased with increasing supplied
nitrogen rate (Figure 5.4). As an example, the average leaf surface temperatures using an
IR hand-held gun for corn supplied high, medium, and low nitrogen rates on Nov 9th, 2015
were 25.48±2.59 ◦C, 25.55±1.94 ◦C and 28.74±3.43 ◦C, respectively, with a corresponding
statistically significant difference among nitrogen treatments (Table 5.1), where the data
is presented as mean± SD. The mean leaf surface temperature using a thermal camera for
corn receiving high, medium and low nitrogen rates on Jan 29th, 2016 were 23.82±1.75 ◦C,
24.44±0.96 ◦C, and 24.08±1.2 ◦C, respectively (Table 5.2).
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Table 5.1: The mean leaf surface temperature decreases with increasing supplied nitrogen
rate using IR hand-held gun data
Date Leaf tip stage High N Medium N Low N p-value
(◦C) (◦C) (◦C)
Nov, 3 2 29.63± 2.76 26.82± 3.1 29.13± 2.06 0.003a
Nov, 5 3 27.89± 1.82 27.59± 2.37 28.96± 2.09 0.057b
Nov, 6 3 26.11± 1.41 25.10±1.71 29.19± 3.25 <0.001a
Nov, 9 4 25.48± 2.59 25.55± 1.94 28.74± 3.43 <0.001a
Nov, 10 4 29.61± 3.48 30.63± 2.45 33.81± 3.31 <0.001a
Nov, 12 5 23.10± 1.85 24.38± 2.32 25.92± 2.07 <0.001a
Nov, 13 5 23.33± 1.25 23.44± 1.87 26.83± 1.76 <0.001a
Nov, 16 6 31.03± 2.27 27.88± 3.04 32.25± 3.05 <0.001a
Nov, 17 7 26.10± 0.95 22.65± 2.09 25.23± 2.93 <0.001a
Table 5.2: The mean leaf surface temperature decreases with increasing supplied nitrogen
rate using the thermal camera data
Date Leaf tip stage High N Medium N Low N p-value
(◦C) (◦C) (◦C)
2015
Nov, 5 3 30.41± 0.68 30.08± 0.6 31.88± 0.52 <0.001a
Nov, 11 4 30.43± 0.45 30.82± 0.41 32.19± 0.73 0.005a
Nov, 18 7 25.885± 1.46 24.33± 1.11 27.13± 1.83 <0.001a
Nov, 22 7 25.61± 1.06 25.69± 0.73 26.16± 0.71 0.39b
Nov, 24 8 27.02± 1.31 27.28± 0.88 27.82± 1.33 0.1b
2016
Jan, 19 3 24.45± 3.49 24.29± 2.07 25.46± 2.06 0.13b
Jan, 23 4 24.93± 2.04 24.52± 1.12 24.51± 1.71 0.35b
Jan, 29 6 23.82± 1.75 24.44± 0.96 24.08± 1.2 0.3b
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Figure 5.4: The average leaf surface temperature decreases with increasing nitrogen rate from a
thermal camera data (Expt 1, test 1). The error bars represent standard errors.
In experiment 2, the high rate of nitrogen (20 mM N) was supplied to plants based
on different timings; benches 1 and 4 were supplied with nitrogen (N) after one week of
seed planting, benches 2 and 5 were supplied with N after two weeks of seed planting and
benches 3 and 6 were supplied with nitrogen (N) after three weeks of seed planting. It was
observed that even after nitrogen is added to previously stressed plants (i.e., benches 3 and
6 supplied after three weeks of planting) surface temperature remains higher compared to
plants that received nitrogen from the beginning of the experiment. It was observed that
corn received a high rate of nitrogen after one week of seed planting (First application)
had consistently lower surface temperatures compared to corn that received nitrogen after
two weeks of seed planting (second application) or after three weeks of seed planting (third
application) (Figure 5.5), which supported the hypothesis that stressed plants have higher
surface temperatures compared to less stressed plants as predicted by the exergy destruc-
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tion principle (EDP). As an example, on Mar 7th, 2016 the average leaf surface temperature
for corn that received nitrogen after one week of seed planting (First N application) was
27.73± 1.7 ◦C compared to 31.25± 2.8 ◦C for corn that received nitrogen after two weeks
of seed planting (Second N application) as presented in Table 5.3.
Table 5.3: The mean leaf surface temperature increases with increasing nitrogen stress
(Expt 2, test 1)
Date Leaf tip stage First N Second N Third/last N p-value
(◦C) (◦C) (◦C)
Mar, 1 2 26.15±1.8 29.705±4.2 29.55±3.4 0.001a
Mar,3 3 27.68±2.7 28.405±3.4 28.01±3.6 0.78b
Mar, 7 4 27.73±1.7 31.25±2.8 31.97±3.6 <0.001a
Mar,8 5 30.285±1.7 33.585±3.1 33.955±2.8 <0.001a
Mar, 10 5 22.515±1.2 24.51±1.5 26.12±1.4 <0.001a
Mar, 11 6 24.01±2.1 26.705±2.9 28.675±3.7 <0.001a
Mar, 14 6 24.965±1.7 23.52±1.53 28.845±2.38 <0.001a
Mar, 15 7 26.6±2.1 26.515±2.5 29.08±3.4 0.005a
Mar,17 7 22.725±1.6 22.015±0.9 25.445±2.1 <0.001a
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Figure 5.5: The effect of applying high rate of nitrogen at different timings on average leaf
surface temperature from the IR hand-held gun data (Expt 2, test 1). The error bars represent
standard errors.
The total biomass for corn plants increased with increasing nitrogen rates and leaf
surface temperature decreased as observed in Expt 1. The mean total biomass including
leaves, stem and roots for 20 corn plants per N treatment was higher in corn that received
high rates of nitrogen, or supplied with the high nitrogen rate after one week of seed planting
compared to corn that received low nitrogen rate or supplied with the high nitrogen rate
after three weeks of planting (Table 5.4). In Expt 1, test 1, the mean total biomass for
corn receiving high, medium and low rates of nitrogen were 18.9 ±3.49 g, 11.1 ±1.92 g,
and 6.5±1.34 g, respectively. For Expt 1, test 2 the mean total biomass for corn receiving
high, medium and low rates of nitrogen were 4.4 ± 0.97 g, 4.2 ±1.17 g, and 3.3±0.61 g,
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respectively. There was a substantial difference in the two tests conducted in experiment
1 due to the growth stage difference at the harvest time. As an example, on Nov 27th,
2015 (Expt 1, test 1) corn that received high, medium and low rates of nitrogen were in
11, 9 and 9 average leaf tip stage, respectively, at harvest time. For Expt 1, test 2, as an
example, on Feb 2nd, 2016 corn that received high, medium and low rates of nitrogen were
in 8, 7 and 7 average leaf tip stage, respectively, at harvest time. Furthermore, a negative
correlation was observed between leaf surface temperature and total biomass across corn
plants grown under different crop stress conditions (Figure 5.6), where each data point
represents an average of 10 measurements for the two experiments conducted. Stressed
plants will have lower biomass and higher temperatures compared to less stressed plants,
this negative correlation between temperature and biomass was also confirmed in previous
studies involving crop plants[162].
Table 5.4: The mean total biomass increases with increasing supplied nitrogen rate
Expt no. Test no. Time period High N Medium N Low N
(g) (g) (g)
1 1 Oct-Dec 2015 18.9± 3.49 11.1± 1.92 6.5± 1.342 Jan-Feb 2016 4.4± 0.97 4.2± 1.17 3.3± 0.61
First N applied Second N applied Third N applied
(g) (g) (g)
2 1 Feb-Mar 2016 7.5± 1.16 1.9± 0.35 0.88± 0.172 Apr-May 2016 13.8± 1.69 2.1± 0.46 0.71± 0.18
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Figure 5.6: Decreasing leaf surface temperature with biomass increase due to nitrogen stress
decrease
5.2.3 Whorl temperatures decrease with increasing rates of nitro-
gen
Whorl temperatures were measured for stressed and less stressed corn plants during the
day and night to investigate if there is a significant difference between them. It was
observed that stressed corn plants during the day have higher whorl temperatures com-
pared to less stressed plants (Figure 5.7). During the night, nitrogen stressed plants were
cooler compared to less stressed plants. Whorl temperatures were measured using type T
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thermocouples and air temperatures were measured using type k thermocouples with an
approximate ±2 ◦ accuracy.
(a) Three days period (b) One day period
Figure 5.7: Whorl temperature variation between day and night in November 2015.
It was observed that air temperature was warmer relative to whorl temperature at
night, which was not unexpected given that temperature measurements were collected
under greenhouse conditions in fall, November 2015, where the air temperature in the
room was heated while the greenhouse walls and ceiling were cold due to the colder outdoor
temperature. That is, a cooler whorl temperature confirms the heat loss to the background
controls the energy balance at the plant surface, similar to when a background radiation
controls the formation of frost on lawns at night. When analysing whorl temperatures at
night, if temperature difference trends between plants under different nitrogen stress levels
are the result of nitrogen stress, or because of changes in energy balance given there is
no solar radiation input at night, while the warmer nitrogen stressed plants will initially
cool faster compared to less stressed plants due to the large temperature difference between
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plant surface temperature and background radiation temperature. The physics of radiation
heat transfer dictates, that for the stressed plants to cool to a lower temperature compared
to the less stressed plants at night, stressed plants must have properties or mechanisms
unrelated to the incoming background radiation that differ from the non-stressed plants.
One possible reason mirrors what happens in a desert where temperatures fluctuate widely
between day and night [163, 164] due to low “effective” thermal mass.
5.3 University of Waterloo experiments
5.3.1 Materials and methods
Three seeds of corn hybrid Pioneer P9188AM were planted at a depth of 2 cm in the center
of each pot which took approximately one week to emerge. After the seed emergence, corn
plants were thinned to one plant per pot (22 cm width, 22 cm depth) of 5 Liters in volume.
The soil that was used in the pot is an equal mixture of Turface MVP (Profile Products LLC
Buffalo Grove, USA) and a commercial potting medium (Sun Gro Professional Growing
Mix, Sun Gro Horticulture, Agawam, MA) to allow for an adequate drainage. The pots
were organized in a randomized design placed onto two separate benches, 4 to 5 pots were
assigned per nitrogen treatment.
Five experiments were conducted at the University of Waterloo, Ontario, Canada from
Apr 2019 to Feb 2020 to investigate whether there is a difference in leaf thermal emissivity
between corn plants supplied with different Nitrogen rates. Experiment 1 (Expt 1) was
conducted in April until mid-June 2019, Experiment 2 (Expt 2) was conducted in mid- June
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until mid- August, Experiment 3 (Expt 3) started in mid-August to the end of September,
Experiment 4 (Expt 4) started in October to mid- November 2019, and Experiment 5
(Expt 5) started in January to mid- February 2020. Each experiment took approximately
5 weeks under semi-controlled conditions of air temperature, humidity, lighting and water
supply.
In Expt 1, corn plants were supplied with three rates of nitrogen (N): high, medium
and low nitrogen rates. The high rate is 1 g/L, medium rate is 0.5g/L and the low nitrogen
rate is 0.15g/L. The fertilizer mixture for the high nitrogen rate is obtained after dissolving
6 grams of Plant Prod fertilizer 21-7-7 Acid in 6 liters of tap water with pH = 7.04.The
water pH was measured using the Seven Easy pH meter (Mettler Toledo, ON, Canada).
Expt 1 was a pilot experiment used to determine what nitrogen rates need to be applied to
establish a difference across treatments. In Expt 2 four rates of nitrogen were supplied: high
N of 1.2 g/L, medium N of 0.6 g/L, low N of 0.2 g/L and no nitrogen supply. In Expts 3,
and 4, four nitrogen rates were supplied to corn plants: high N of 1.4 g/L, medium N of 0.8
g/L, low N of 0.3 g/L, and no nitrogen supply to create different degrees of nitrogen stress.
The nitrogen fertilizer was supplied to each pot manually using a graduated cylinder, the
fertilizer mixture was supplied manually once every week right after corn seed emergence..
The no nitrogen supply represents corn plants that are not supplied with nitrogen from
the beginning to the end of the experiment, which was supplied with tap water and iron
nutrient. Corn plants were watered once every 2-3 days. Three grams of Iron nutrient
(plant prod, 7% of actual iron mixture) were dissolved in 6 liters of tap water and supplied
to corn plants at 3 and 5 leaf growth stages.Corn plants were sprayed for thrips control at 6
leaf growth stages using Success 480 SC (Dow AgroScience Canada Inc., Calgary, Alberta).
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Visual differences in plant height, leaf color, and root configuration were observed across
nitrogen rates.
Figure 5.8: Greenhouse experiments conducted at the University of Waterloo
5.3.2 Leaves nitrogen content and soil nitrate analyses
Soil nitrate and leaves nitrogen content analyses were utilized to assess soil and plant
nitrogen status, and also to investigate if there is a difference in supplied nitrogen rate
across the nitrogen treatments. Plant tissue analyses were conducted in Expt 1 at V10
and Expt 3 at V7 growth stage. In addition, soil nitrate analysis was conducted for
Expts 1 and 2 at V10 and for Expt 3 at V7 growth stage. Plant tissue analysis was
conducted at a commercial laboratory (SGS Agri-Food Laboratories, Guelph, Canada),
the total nitrogen percent (%) of the sample on a dry basis is determined by combustion
using the Dumas method (J. Legg, personal communication, SGS Agrifood Laboratories).
The results obtained were compared to a critical value, which is related to the amount of
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nutrients required to achieve a theoretical yield that is generally 90-95% of the maximum
yield obtained under optimal nutrient conditions at a given sampling growth stage[165,
166]. It was observed that corn plants with no nitrogen supply from the beginning of
the experiment (highly stressed plants) had a nitrogen content below the critical level of
2.5 % based on ear leaves (J. Legg, personal communication, SGS Agrifood Laboratories)
compared to the other three rates of nitrogen supplied (i.e., high, medium and low N rate)
which were higher than the critical level as presented in Figure 5.9 for Expt 3, where two
corn plants were selected per N treatment. One possible explanation for the difference
between the two corn samples is due to a non-consistent application of nitrogen fertilizer
mixture to the same spot every time it was applied.
Figure 5.9: Nitrogen content for two corn samples from Expt 3 compared to the critical nitrogen
value of 2.5% (J. Legg, personal communication, SGS Agrifood Laboratories).
The soil nitrate test and pH analyses were conducted on soil samples extracted from
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the greenhouse experiments. Soil pH is essential to be monitored because it affects crop
nutrient availability. Soil pH was measured using a Hanna pH meter (Hanna HI-9321,
Woonsocket, RI, USA) after mixing 10 g of soil with 100 ml distilled water. Soil pH results
were within the corn acceptable range of 5.5-6.5 for different N treatments[167]. It was
observed that the soil sample with high nitrate content had a lower pH value compared to
the soil sample with low nitrate content, which is consistent with previous studies [168].
The soil nitrate was measured using a colorimeter (smart 3 soil, LaMott, MD, USA) as
described in the LaMotte instruction manual.
The soil extracts were prepared with the soil mixed with distilled water to prepare the
blank, then the soil was mixed with an acidic reagent followed by a nitrate reducing agent
to prepare the sample. Finally, after waiting 10 minutes for color development, the blank
and the sample were placed in the colorimeter while choosing the 64-Nitrate N LR test.
Nitrate concentrations were measured in units of ppm. Visual differences in color were as
shown in Figure 5.10; the more pinkish color indicates the higher nitrate content. It was
found that soil nitrate content increases with nitrogen rate supply (Figure 5.11), however,
a difference across the samples for the same N rate was observed due to non-consistent
nitrogen concentration applied on the same spot.
Figure 5.10: Nitrate content difference in soil samples from Expt 3
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(a) Experiment #2 (b) Experiment #3
Figure 5.11: Soil nitrate for the two experiments conducted at the University of Waterloo
greenhouse
5.3.3 Results and Discussion
University of Waterloo experiments were conducted to support the effect of decreasing
surface temperature with increasing nitrogen rate, and to study the effect of supplied ni-
trogen rate variation on leaf thermal emissivity and whorl temperature for corn plants
grown under greenhouse conditions. Leaf thermal emissivity results can be found in Ap-
pendix B and whorl temperature results can be found in Appendix C. Temperature data
were collected twice during the first two experiments at 3 and 7 leaf tip stages, crop sur-
face temperature is proposed as a relative measure for nitrogen stress. It was observed
that surface temperature decreased with increasing supplied rates of nitrogen as predicted
by the exergy destruction principle [34]. A shallow but statistically significant negative
slope was observed for increasing rates of nitrogen (Figure 5.12). A statistically significant
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difference, at 0.05 significance level, was observed in leaf surface temperatures between ni-
trogen stressed and less stressed corn plants as predicted by the EDP with 95 % confidence
hypothesis testing.
Figure 5.12: Surface temperature decreased with increasing supplied nitrogen rate at the Uni-
versity of Waterloo greenhouse
5.3.4 Variations in soil and air temperatures and net radiation
components at the University of Waterloo greenhouse
Net radiation, incoming and outgoing shortwave and longwave radiation data were mea-
sured at the University of Waterloo greenhouse from experiment 4 using a net radiome-
ter(Apogee instrument SN-500-SS, Logan, USA). The radiometer was mounted overtop a
two meter tripod facing the north direction, and placed very close to the corn plants. The
net radiometer was attached to a data logger (Sutron XLink 100, VA, USA) calibrated
for one minute sampling time, while the LinkComm app was used to view, monitor, and
download the radiation energy transfer data. This data was used to investigate the vari-
ation in the incoming shortwave radiation and outgoing longwave radiation, which affect
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surface temperature estimation. It was observed that the outgoing longwave radiation had
a range of [441- 483] W.m−2 on Oct 24th and [449- 494] W.m−2 on Oct 25th, while the in-
coming shortwave radiation from the solar radiation was more variable at [26- 426] W.m−2
on Oct 24th and [17- 272] W.m−2 on Oct 25th and due the time of the day the radiation
measurements were taken including the highest radiation value around solar noon (Figure
5.13).
(a) Oct 24th, 2019 (b) Oct 25th, 2019
Figure 5.13: The net radiation measured at the University of Waterloo greenhouse on two days
in 2019.
In addition, soil and air temperatures were measured using type T thermocouples with
FEP-insulated probe; the specifications of the thermocouples used are described in Table
5.5. Air temperatures were measured at 2 m height, and soil temperatures were measured
at soil surface and 10 cm underground soil depth (Figure 5.14). It was observed that
soil temperature measured at 10 cm underground depth had generally higher tempera-
tures compared to soil measured at surface level. Therefore, due to the variation in soil
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temperature, air temperature and net radiation within one day and between days due to
many factors including cloud cover, a consistency in surface temperature and leaf thermal
emissivity data collection is required to minimize the effect of environmental condition
variation.
Table 5.5: Thermocouple specifications
Max temperature 200◦C
Min temperature -200◦C
Wire diameter (mm) 0.51
Length (m) 3
Sheath material FEP insulated wire
Junction Un-grounded
Accuracy ±0.5◦C
(a) On Oct 18th, 2019 (b) On Nov 2nd, 2019
Figure 5.14: Soil and air temperatures variation at the University of Waterloo greenhouse on




Field studies were conducted during four summer seasons (2016, 2017, 2018 and 2019) on
an established long-term field trial of corn yield response to varying rates of nitrogen at the
Elora Research Station, ON, Canada. In addition, two experiments were conducted in the
summer of 2016 at the Woodstock Research Station, ON, Canada to investigate the effect
of varying supplied nitrogen rate and weed competition on surface temperature. Field
experiments were conducted using a randomized block design with 4 replications to enable
a mathematical separation between true treatment effects from the background noise.
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6.1 Woodstock Research Station
6.1.1 Materials and methods
Two experiments were conducted in the summer season of 2016 at the Woodstock Re-
search Station, ON, Canada for the first time under three applied nitrogen rates (0,80, 160
kg.ha−1), which were applied to the soil for the first time. In addition, five weed conditions
(untreated, weed removed at 4 leaf stage (LS), weed removed at 7 LS, weed removed at 10
LS, and weed free) corn plants, respectively. A corn seed of Pioneer P38N94 was planted
on May 17th, 2016 using a finger pickup planter at a planting rate of 74900 S/H, 3 cm
depth and 76 cm row spacing on a silty loam soil. It took approximately 10 days for the
corn seed to emerge. Each plot consisted of 4 rows of 15 m2 in area (3 m in length × 5 m
in width). The herbicide mixture was Callisto (Mesotrione, Syngenta) at 0.3 L/ha along
with Primextra II Magnum (S-metolachlor and atrazine, Syngenta) at 4 L/ha.
For the nitrogen stress experiment, nitrogen fertilizer was supplied using a ’Planet Jr’
set at 248 grams of 34-0-0 (ammonium nitrate) per 7 m distance of every row at a normal
walking speed of 5 Kph. Weed stress experiment utilized the presence of weed planted in
close proximity to corn plants to induce crop stress. Weeds were removed at different corn
plants growth stages to investigate weeds effect on crop surface temperature. Figure 6.1
shows the visual difference between stressed and less stressed corn plants with weeds. A
temperature difference was observed between stressed (untreated plots) and non-stressed
corn plants (weed free plots) of an average 2 ◦C. Corn plants were hand harvested on Nov
1st, 2016.
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(a) Corn plants free from weeds (b) Corn plants stressed with weed
Figure 6.1: Treated and untreated corn plants of invasive weeds (pictures were taken on July
20th, 2016).
6.1.2 Results and Discussion
The collected temperature data were statistically analyzed and the trends between the
variables (surface temperature, crop stress, and grain yield) were investigated. It was found
that increasing crop stress, either nitrogen or weed stress, will increase surface temperature.
For the weed stress experiment, it was observed that surface temperature decreases and
yield increases with weed stress decrease, as an example for the temperature data recorded
on June 22nd, 2016 (Figure 6.2), which supports the two proposed hypotheses. The yield
data are represented from two corn rows (2.4m× 1.5 m).The numbers on the x-axis describe
when the weeds are removed with a reference to corn plants growth stage; for example, 10
LS means that weeds are removed when corn plants were at 10 leaf growth stage.
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(a) Surface temperature decreases with weed
stress decrease (b) Yield increases with weed stress decrease
Figure 6.2: Woodstock Research Station data under different weed conditions in 2016.
For nitrogen stress experiment, it was observed that corn surface temperatures are
correlated negatively with yield, as an example for the surface temperature data recorded
on July 7th, 2016 at the Woodstock Research Station (Figure 6.3b), the higher the yield,
the lower the surface temperature, which supports the primary hypothesis of this research
that agricultural crops experiencing greater growth and providing greater yield will have
lower surface temperatures. This is explained by the fact that less stressed plants generate
more pathways for exergy destruction and energy degradation, thus it becomes a more
complex system that discloses itself as an increase in yield [104, 105]. In addition, surface
temperature decrease with increasing nitrogen rate applied and yield increases (Figure 6.3).
The average difference between nitrogen stressed and less stressed corn plants was 0.5 ◦C.
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(a) Decreasing surface temperature with in-
creasing nitrogen rate
(b) Decreasing surface temperature with in-
creasing yield
(c) Increasing yield with increasing nitrogen rate
Figure 6.3: Decreasing surface temperature with nitrogen rate increase and yield increase for
weed stress experiment in 2016
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6.2 Elora Research Station
6.2.1 Materials and methods
A long-term field trial was established at the Elora Research Station, ON, Canada since
2008 to investigate the response of corn yield to varying rates of nitrogen. This experi-
mental study was conducted on a silt clay loam soil (pH 7.7, organic matter of 3.5%). The
total test area is 1.72 hectare. The average distance between corn plants was 20 cm and
the average distance between the plot rows was 80 cm with a total of 600 corn plants per
plot, which includes around 100 plants per row. Four experiments were conducted each
summer season (2016, 2017, 2018 and 2019), which utilized leaf, whorl and canopy tem-
perature measurements, leaf thermal emissivity, and SPAD measurements across different
treatments.
Corn hybrid DeKalb DKC 3987 (DEKALB Canada, Chatham, ON, Canada) was
planted in May each year at a seeding rate of 79000 seeds per hectare. The selected
corn hybrid requires 2700 heat units with 2000 growing degree days to mature. Individual
plots consisted of 6 rows of corn plants, 76 cm row spacing and approximately 15 m length
× 4.5 m width. A starter fertilizer of 19-19-19 (P-K-N), applied at the time of seed planting
in a band at a distance of 5 cm from the row at a depth of 5 cm, was used at 30 kg.ha−1
rate and the remaining nitrogen was knifed into inter-rows with Urea Ammonium Nitrate
(UAN)-28%. The UAN was injected between rows every year. Nitrogen rates of 0, 28,
57, 115, 188, and 230 kgN.ha−1 were applied at planting. Weeds were controlled prior to
corn planting using the herbicide Callisto (Mesotrione, Syngenta) at 0.3 L/ha along with
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Primextra II Magnum (S-metolachlor and atrazine, Syngenta) at 3.5 L/ha [34]. Standard
agronomic practices were applied to optimize corn growth and development. Conventional
fall tillage with a plow was used. The average rainfall was approximately 75 mm per month.
Each individual plot was machine harvested in November each year. Yield was reported
at 15% moisture level. Temperature measurements were recorded twice a week around
noon time over approximately 2-hrs period under clear sky or uniform overcast conditions
for a uniform sky background radiation assumption. Surface temperature measurements
continued on a weekly basis until the corn silking stage.
6.2.2 Weather conditions
The meteorological data, including relative humidity, air temperature, and wind speed,
were collected through a nearby weather station (Elora Research weather station) that
is approximately 1.5 km from the study site operated by the University of Guelph. In
addition, a mobile Vantage Vue weather station (Davis Instrument, Hayward, CA) was
installed in the field during surface temperature measurements.The sampling rate was set
to 1 Hz, and 15-min averages of data were recorded. Wind speed, relative humidity, and
solar radiation were compensated through conditional sampling, and days with low wind
speed in the range of 0.3 to 1.3 m.s−1 were selected for temperature data acquisition.
Furthermore, in 2019 during temperature data collection a net radiometer (Apogee in-
strument SN-500-SS, Logan, USA) was used to measure the incoming shortwave radiation
(Kin), the outgoing shortwave radiation (Kout), the incoming longwave radiation (Lin), the
outgoing longwave radiation (Lout), and the net radiation (Rn) in W/m2. The radiometer
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was mounted on a two meter tripod facing the north direction. The radiometer was at-
tached to a data logger (Sutron XLink 100, VA, USA) calibrated for one minute sampling
time, while the LinkComm mobile application was used to view, monitor, and download
the radiation energy transfer data. The data were used to investigate the variation in the
incoming shortwave radiation and outgoing longwave radiation. The radiation components
in W/m2 on different days is summarized in Table 6.1. The time duration in the Table is
in hours, which represent the time duration when the radiation data were collected. All
the presented data are an average over the specified time period.
Table 6.1: Net radiation variation in the summer of 2019 at the Elora field
Date time (hrs)Kin Kout Lin Lout Rn
July,18 1 497.35±216.5 84.6±35.66 413.94±11.82470.35±5.77 351.9±163.95
July, 26 4 890.59±208.85127.14±36.22370.54±15.2 493.53±11.05636.01±168.51
Aug, 9 3 482.26±260.8 76.75±33.2 359.47±21.2 443.59±8.86 361.86±199.4
Aug, 15 2 653.16±132.6 88.15±20.64 332.54±10.5 455.53±11.8 441.22±107.12
Aug, 23 3 700.96±363.4390.27±48.5 343.79±21.5 442.95±11.4 502.75±300
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6.2.3 SPAD measurements
A hand-held soil plant analyses development (SPAD) chlorophyll meter was used to moni-
tor leaf N status in crop plants. SPAD meter is highly affected by different environmental
variables, crop hybrid, growth stage, and leaf features [13], however, SPAD measurements
cannot be used for accurate predictions of how much N is required to be applied during
the growing season [169]. SPAD measurements were collected only from 2019 experiments
using a Minolta SPAD-502 (Minolta Corp., Ramsey, NJ) to estimate the chlorophyll con-
centration that is directly correlated to leaf nitrogen content [170]. SPAD measurements
were conducted on the uppermost and fully expanded leaves at multiple leaf locations
starting from the base to the tip of a corn leaf, measurements were made consistently at
noon time. A summary of SPAD measurements are described in Table 6.2, where each
data point represents an average of 15 measurement points (5 leaves × 3 points per leaf).
For the p-value column, (a) represent a significant difference between N treatments and
(b) represent a non-significant difference between N treatments at 0.05 significance level.
For higher growth stages a significant difference was observed in SPAD units (around 15
unit difference) between the two nitrogen extremes (0 and 230 kgN.ha−1), so corn plants
supplied with a high rate of nitrogen had higher SPAD unit compared to plants supplied
with a lower nitrogen rate. To minimize the SPAD unit variation for the same rate of ni-
trogen it is recommended to be consistent with SPAD measurements, therefore, using ear
leaf for corn plant and the same leaf position is more accurate late in the growing season
[171].
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Table 6.2: A summary of SPAD measurements in the summer of 2019 experiments
Date Leaf stage 0 N 28 N 57 N 115 N 230 N p value
July, 7 8 38.28±5.1 40.06±5.8 38.85±5.8 39.02±4.9 39.82±5.6 0.068b
July, 16 10 31.54±5.4 31.86±5.4 33.42±4.2 36.37±4.1 34.95±5.1 <0.001a
July, 18 11 34.09±4.3 33.35±4.9 33.24±5.5 37.3±5.3 38.47±3.46 <0.001a
July, 27 12 23.97±4.68 32.54±5.3 34.61±4.6 43.06±1.82 41.03±3.87 <0.001a
Aug, 9 Tasseling 37.17±2.2 41.98±5 47±3.22 48.92±4.3 51.99±3.2 <0.001a
Aug,10 Tasseling 35.2±2.3 41.05±4.9 45.27±4.54 50.44±3.85 51.88±4.1 <0.001a
6.2.4 Soil nitrate, plant nitrogen and water stress detection
Soil nitrate samples are collected twice a year at the Elora field to a depth of 30 cm prior to
seed planting in May and the second time after harvesting the field in November each year
where the same plots are chosen to study the level of nitrate variation in the soil, five cores
per plot are taken and mixed. In the year of 2016, soil nitrate levels ranged between 4.5-7
ppm in May. A non-significant difference among nitrogen treatments within the field was
observed in soil nitrate levels prior to fertilizer application each year. This implies that the
amount of nitrogen added in the previous year does not impact the following year. One of
the major advantages for soil nitrate sampling prior to seed planting is to determine the
nitrogen residual content in the soil from the previous year.
In the year of 2016, the average soil moisture for two nitrogen rates of 0 and 188
kgN.ha−1 was 26.07±0.062 and 24.06±0.056, respectively (Personal communications, H.
Wichers). In addition, the soil volumetric water content (volumeofwater
volumeofsoil
) was measured over
different plots within the field using an EC5 soil moisture sensor (Decagon Devices, Inc.,
Pullman, WA, US), which was inserted into 10 cm depth below ground.
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Corn plants were checked for water stress conditions during the growing season in
2016, 2017, 2018 and 2019, where the soil volumetric water content and precipitation rate
were monitored. In 2016, the average soil volumetric water content during the growing
season (June–August) for plots supplied with 0 and 188 kgN.ha−1 were 26.07% ± 0.062
and 24.06% ± 0.056 (m3.m−3), respectively (Personal communications, H. Wishers). In
2017, the volumetric water contents for plots supplied with 0 and 188 kgN.ha−1 were
25.07%±0.074 and 22.0%±0.048 (m3.m−3), respectively, with the averages extracted over
12 days for 12 plots per N rate. In 2018, the volumetric water contents for plots supplied
with 0 and 188 kgN.ha−1 were 18.46%± 0.058 and 16.33%± 0.038 (m3.m−3), respectively,
with the averages extracted over 10 days for 4 plots per N rate (Personal communications,
R. Eerpina). These results are within the field capacity range of 22% to 28% of silt clay
loam soil [172], and, when coupled with visual observations of no wilting, they indicate
that corn plants did not experience significant water stress [34]. For the precipitation rates;
in 2016, the average rate per day during the growing season was 5.76 ± 8.59 mm, in 2017
was 4.19 ± 6.17 mm, and in 2018 was 5.62 ± 7.1 mm. However, even if corn plants were
stressed with water in some periods of time, it was effectively uniform across plots, as
ensured by the randomized block design of the plots. Therefore, even if water stress did
affect the corn surface temperature, it would only shift the temperature and not affect the
temperature difference trends induced by the nitrogen differential stressor.
The total plant N taken in selective plots at the silking stage over three years period
(2016, 2017 and 2018) is presented in Figure 6.4 for plots supplied with 0 kg.ha−1 (personal
communications, R. Eerpina). Five corn plants were collected from the second row in each
reported plot. Rep in Figure 6.4 represents the replication number, for example, Rep 1 is
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the plots selected from the first replication. The zero nitrogen plot does not represent the
true zero since the whole field was supplied with 30 kg of nitrogen using a planter while
planting, so it is 30 Kg N.
Figure 6.4: The total nitrogen content variation among plots over three years period at the
Elora field
6.2.5 Results and Discussion
Surface temperature decreases with increasing nitrogen rate
Corn surface temperature decreases as the rate of nitrogen increases. A shallow but statis-
tically significant negative slope was observed consistently with increasing rates of nitrogen
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(Figures 6.5 and 6.6)[34]. For example, on July 7th and August 10th in 2019 , the 0 nitrogen
rate had a mean leaf surface temperature of 27.2 ± 0.73◦C and 20 ± 0.37 ◦C, compared
to 25.57 ± 0.85 ◦C and 18.89± 0.37◦C, respectively, for corn that received 230 kgN.ha−1
nitrogen. A similar response was observed in previous years. The temperature data pre-
sented on a single graph are an average of the four replications per nitrogen treatment for
a given day. Despite the large temperature variability between corn plants within and be-
tween the four replications, the regression analysis consistently identified a negative slope
(Figures 6.5 and 6.6), supportive of the hypothesis that crop stress affects surface tem-
perature. It was observed that a consistent difference in leaf surface temperature between
nitrogen stressed and non-stressed corn plants started to appear when corn plants were at
V3 stage, at which stage the plants were no longer provided with nutrients from the seed
[173, 174].
(a) 2016 (b) 2017
Figure 6.5: The mean leaf surface temperature decreased with increasing nitrogen rate in June
2016 and 2017.
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(a) 2016 (b) 2017
(c) 2019
Figure 6.6: The mean leaf surface temperature as influenced by nitrogen rate in July over
different years.
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Canopy temperature decreases with increasing nitrogen rate
Canopy temperatures decreased as the rate of nitrogen increased. A shallow but consistent
negative slope was observed with increasing nitrogen rates (Figure 6.7) [34]. As an example,
on July 28th 2019, the mean canopy temperature for corn plants that received 0 nitrogen was
26.97±0.42 ◦C compared to 25.66±0.52 ◦C for corn that received 230 kgN.ha−1 of nitrogen.
In addition, since the relative temperatures are more important than absolute temperatures
for this research, the difference in canopy temperature between stressed (0kgN.ha−1) and
non-stressed (230kgN.ha−1) corn plants was investigated. Canopy temperature difference
was calculated between the average zero nitrogen plots and the five remaining treatments
(28, 57, 115, 188, 230 kgN.ha−1) on different days in June and July 2016 and 2017 (Figure
6.8) [34]. The increasing relationship between canopy temperature difference and nitrogen
rate was significant, which supports the second hypothesis that stressed plants have high
temperatures compared to non-stressed plants.
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(a) On July 7th, 2019 (b) On July 16th, 2019
(c) On July 28th, 2019
Figure 6.7: An inverse correlation between canopy temperature and nitrogen rate on different
days in 2019.
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(a) June 2016 [1.14, 0.193, 0.66 ◦C] (b) July 2016 [0.967, 0.307, 0.62 ◦C ]
(c) June 2017 [1.84, 0.26, 1.03 ◦C] (d) July 2017 [2.45,0.27,1.28 ◦C]
Figure 6.8: The temperature difference between stressed and less stressed plants (TLowN −
THighN ) with nitrogen, where TLowN represents the temperature at low nitrogen rate and THighN
represents the temperature at high nitrogen rate, and the numbers in [] are the maximum, mini-
mum, and average standard error [max, min, avg ◦C].
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Whorl temperatures decrease with increasing nitrogen rate
Whorl temperatures decrease as the rate of nitrogen increase. Thermocouples were inserted
into the whorl of corn plants and measured on a smaller time scale (minutes and seconds),
where less variability in temperature measurements would be expected. It was observed
that whorl temperatures decrease with increasing rates of nitrogen for selected plots at the
Elora Research Station (Figure 6.9). Temperature measurements were recorded around
solar noon on a 2 minutes interval. The trend in Figure 6.9 is explained by different
weather dependent variables that affects whorl temperature such as air temperature, wind
speed, and solar radiation variation.
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(a) On July 16th, 2016 (b) On July 12th, 2017
(c) On July 31st, 2018 (d) On Aug 23st, 2019
Figure 6.9: Whorl temperatures decrease with increasing nitrogen rate over different years.
For example, looking at whorl temperature data from the year of 2018 variation for
three different rates of nitrogen compared on the same day (June 21th, 2018) over different
plots (Figure 6.10), it is observed that corn plants supplied with high nitrogen rate have
lower whorl temperatures during the day compared to plants supplied with low or no
nitrogen rate.
99
(a) Nitrogen rate of 28 and 188 kgN.ha−1 (b) Nitrogen rate of 0 and 188 kgN.ha−1
Figure 6.10: Whorl temperature decreases with increasing nitrogen rate on June 21th, 2018.
6.3 Crop temperature measurement sources of error
This section summarizes the potential source of errors that affect canopy temperature mea-
surements under variable conditions. In this section, each paragraph describes one source
or a group of error sources with their corresponding error minimization recommendation
for the current and future canopy temperature measurements.
Crop canopy temperature is affected by the environment to which it is exposed to:
growth stage[175], canopy size, canopy architecture, canopy color, root morphology, leaf
orientation, leaf morphology and many other metabolic activities of crop plants [162] be-
side the temporal variation in environmental conditions affecting the canopy temperature.
Many biochemical processes in crops are generally insensitive to temperature changes of
several degrees around the optimum temperature[77]. In this research, surface temper-
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atures were corrected for the variation in air and soil temperatures under variable field
conditions.
Plant geometry, emissivity, inclination, and orientation of crop leaves within the canopy
can also produce canopy temperature variation, therefore, an average surface temperature
was calculated to minimize the crop canopy geometry related effects [176, 34]. In addition,
it is expected that corn hybrid variation will affect canopy temperature [131]. If the non-
nitrogen related variables can be controlled, or compensated through conditional sampling,
a comparison of relative temperatures between crop plants would meet the basic needs for
an experimental design to support or reject the proposed two research hypotheses. The
extent of this variability was found to change day to day, further suggesting the influence
of these variables on changing crop temperature. Furthermore, to minimize the error
associated with the infrared camera thermal detector drift, a re-calibration is required
before taking every image using the non-uniformity correction (NUC) manual button.
In addition, in order to minimize the error associated with sensible heat transfer to the
surrounding air there is a need for either a simultaneous measurement, or conditionally
sampled measurement of air temperature.
The error in temperature difference between stressed and less stressed corn plants is
related to the camera precision error, not the camera accuracy. The error in the mean tem-
perature difference can be minimized as the sample size (# of temperature measurements)
increases (σmean = σ√n). For example, the average statistical error in the mean temperature
for the data collected on June 24th 2016 was 0.49◦C, so when coupled with the precision
error using Gaussian error propagation, the net error on the mean difference is 0.53◦C [34].
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One major piece of uncertainty affecting the accuracy, which not necessarily affect-
ing the sensitivity, of surface temperature measurements is the uncertainty in crop plant
emissivity. This research investigated the effect of varying nitrogen rate on leaf thermal
emissivity in a selected waveband of the 7.5-14 µm. An average of 0.96 is proposed for corn
leaves over the 7.5-14 µm as a result from laboratory based experiments being conducted,
for more details please refer to Appendix B.
Air temperature, soil temperature, humidity, cloud cover, wind speed, and the amount
of incoming solar radiation change regularly within a short period of time, therefore it
is very important to be consistent with crop canopy temperature measurements at the
same time over a short period. One of the suggested solutions to minimize the error
associated with atmospheric condition variation is the normalization of canopy temperature
measurements, in this research the relative canopy temperature is sufficient to distinguish
between stressed and less stressed crops. In order to minimize the error associated with
plant traits such as canopy size, canopy architecture, canopy color, leaf orientation, and
leaf morphology average canopy temperatures need to be calculated and compared. An
average of 5 m2 containing around 40 corn plants is proposed as a reasonable sample size
for field measurements.For a sample size calculation, the formula described in Kadam and
Bhalerao[177] is used, which requires the assumption of type I and II errors, standard
deviation and the estimated effect size. As an example, for a large field with large number
of crop plants (e.g., >100,000 plants at assumed ±5% precision level, the proper sample
size would be 400 plants located at around 40 m2 area assuming that each plot in the field
has an area of 60 m2 with a total of 600 plants [178].
Previous studies identified the canopy thermal radiation variation with sensor view
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angle [179, 180, 34]. Sensor view angle was investigated using the FLIR T620 thermal
camera at different view angles (0◦, 40◦, -40◦, and 80◦) from the nadir direction. A sig-
nificant difference in canopy temperature was found, at 0.05 significance level, with sensor
view angle variation (Figure 6.11). The maximum and the minimum difference in canopy
temperatures over two days of measurements were (27.1, 29.2)◦C and (16.7, 19.8)◦C when
corn plants were at silking and harvest stage, respectively, therefore, it is recommended
that the thermal camera images of the canopy are consistently taken perpendicular to the
plant surface, that is, in the nadir direction.
(a) On August 15th, 2018 (b) On September 19th, 2018







Farmers usually over-apply nutrients, especially nitrogen fertilizer, from an agronomic per-
spective to achieve a target yield. The over-application of nitrogen fertilizer is a serious
problem due to the cost of crop nutrients, and the harmful impact on the environment in-
cluding the depletion of soil nutrients and the contamination of drinking water. Precision
agriculture helps farmers to determine how much and when to apply different inputs such
as herbicides, pesticides, nutrients, and water in the right location to increase yield. It is
known that crop stress affects plant growth and development which, for agriculture crops,
generally correlates with crop yield. When a crop plant is stressed by an external stress
factor (e.g., excess heat, pests, or nutrient deficiency), its functions and processes such
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as stomatal conductance, transpiration, respiration, and photosynthesis are all affected.
Highly stressed crop plants experience less growth and development. This research inves-
tigates the application of the exergy destruction principle using thermal remote sensing
of surface temperature to detect physiological stress in crop plants at early growth stages
before any visual indicators appear on plant surface.
Two hypotheses have been developed based on previous studies supporting the inverse
correlation between ecosystem development and surface temperature as predicted by the
exergy destruction principle. The first hypothesis states that agricultural crops experi-
encing greater growth and providing greater yield will have lower surface temperatures.
Given the first hypothesis and the relationship between growth, development and crop
stress, the second hypothesis states that stressed crop plants will have higher surface tem-
perature compared to less stressed plants. The two hypotheses were tested and justified
under greenhouse and field conditions. The temperature data under field conditions were
collected at three different scales; leaf (using a hand-held point measurement gun and a
thermal camera), canopy (using a thermal camera mounted on a tripod) and over a plot
area scale (using a thermal camera mounted on a drone). This research was conducted
to investigate whether crop surface temperature can be used as an approach to identify
crop stress in agricultural crops as predicted by the exergy destruction principle for the
purpose of precision agriculture. A summary of the thesis observations and conclusions are
as follows:
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• It was found that relative temperatures measured across stressed and less stressed
crop plants are more important than absolute temperatures, which is hard to be
accurately estimated due to different variables effect on surface temperature.
• The results of this research suggest that leaf and canopy temperatures are inversely
correlated with increasing nitrogen rates and increasing yield. This relationship is in
support of the two proposed hypotheses. Decreasing leaf and canopy temperatures
with increasing yield, supports the first hypothesis that corn experiencing greater
yield will have lower surface temperatures. In addition, decreasing leaf and canopy
temperatures with decreasing nitrogen stress supports the second hypothesis that
corn plants supplied with optimum/high rates of nitrogen will have lower surface
temperatures compared to corn grown under nitrogen stressed conditions, which in-
creases the amount of exergy available, thus maximize its exergy utilization.
• Temperature measurements are highly variable, which is explained by many external
and weather dependent variables that interact with leaf, canopy and whorl tem-
peratures. Such variables include: variation in the incoming solar radiation, air
temperature, soil temperature, soil moisture, humidity, wind speed, cloud cover, leaf
angle, leaf emissivity, sensor view angle and many other factors. Therefore, if the
non-nitrogen related variables can be controlled, or compensated through conditional
sampling, a comparison of relative temperatures between stressed and less stressed
crops would meet the basic requirements for an experimental design to support or
reject the two hypotheses. Temperature variability was found to change day to day,
further suggesting the influence of these variables on changing crop temperature.
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• An inverse correlation between decreasing surface temperature, increasing yield and
increasing nitrogen rate held true despite the large variability associated with each
temperature measurement. A statistically significant difference, at 0.05 significance
level, was observed in temperatures between stressed and less stressed plants. An
approximate 0.5-1◦C average temperature difference between corn plants that expe-
rienced different levels of development (e.g., yield and leaf stage) due to nitrogen
stress to be a reasonable magnitude given that ecosystems with a wider variation in
development observed 5 ◦C average temperature variation [91, 119], which can be ex-
plained by the small coefficient of determination (R2) between the variables (surface
temperature and nitrogen rate).
• An average leaf thermal emissivity of 0.96±0.006 over the 7.5-14 µm waveband is
proposed for corn leaves based on multiple laboratory experiments involving spectral
reflectance measurements.
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7.2 Recommendations and future work
This research has demonstrated four years of experimental work under the greenhouse
and field conditions to test the two proposed research hypotheses. Due to limited time
and equipment for this research that involve the use of thermal remote sensing to detect
crop stress as predicted by the exergy destruction principle, a few recommendations and
proposed future work are summarized as follows:
• It is recommend to conduct conditional sampling for the temperature data collected,
since it is found that the largest random error affecting canopy temperature comes
from day to day variation.
• It is recommended that different corn genotypes be tested for canopy temperature
variation under different stress conditions and more specifically under nitrogen stress
conditions. The study of genotypic variation among corn hybrids, would enhance the
breeding programs for crop stress tolerance that will increase the crop production.
• It is recommended to use another crop stress detection method (e.g., spectral re-
flectance, leaf transmittance,..etc) besides the thermal remote sensing, under vari-
able field conditions, because it is hard at this stage, to identify crop stress factor
that causes surface temperature variation, which might be due water stress, weed
competition, or nutrient deficiency. In this research, the only stress factor that was
changing is nitrogen rate, while pesticides and herbicides were applied regularly.
• It is recommended to conduct more experimental trials under controlled and uncon-
trolled conditions to investigate the effect of crop stress on crop emissivity and whorl
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temperature.
• It is recommended to fly an Unmanned Ariel Vehicle (UAV) more frequently, un-
der different environmental conditions and altitudes in order to investigate surface
temperature variation with crop stress under variable field conditions.
• It is recommended to fly an Unmanned Ariel Vehicle (UAV) over a commercial crop
field to overlay the surface temperature distribution map with a yield map to confirm
the hypothesis that less stressed crop plants have lower surface temperatures and
higher yield compared to highly stressed crops as predicted by the exergy destruction
principle.
• It is recommended to investigate the thermal response number (TRN) [91, 118] for
crop plants under different stress conditions as another proposed indicator of crop
stress for precision agriculture applications. TRN is the ratio of the net total radiation
to the difference in crop surface temperature over a time period. The reason for
investigating TRN as a metric is because it may have greater sensitivity to nitrogen
than canopy temperature measurements alone. It would, however, be more complex
involving a quantified measurement of net total radiation and surface temperature
at two different times of the day, such afternoon and evening.
• It is recommended to use ECOsystem Spaceborne Thermal Radiometer Experiment
on Space Station (ECOSTRESS) data sets along with hyperspectral measurements if
possible recognizing that the ECOSTRESS resolution is 70m×70m. Furthermore, it
is expected that there will be future space borne multispectral thermal data sets that
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should also be considered for the use in thermal remote sensing applied to precision
agriculture.
7.3 Research application
The importance of this research lies in using thermal remote sensing to detect crop stress
at early growth stages before any visual indicators start to appear on crop plants (e.g.,
cupping, dropping, leaf yellowing and wilting). This research would enable the precise
application of different nutrients, herbicides and pesticides at the right time and location
under variable environmental conditions based on average relative temperatures among
different plots. At this research stage, it is hard to distinguish between different types of
crop stress, therefore, the use of other methods such as SPAD chlorophyll meter, spec-
tral reflectance or leaf transmittance in the visible and near-infrared (NIR) spectrum can
be proposed besides the use of thermal remote sensing through surface temperature and
emissivity measurements.
The direct application of this research includes a multi channel camera with visible,
NIR and mid-to far-infrared, or at least the atmospheric windows of 3-5 and 8-12 µm [181]
to minimize the atmospheric attenuation, mounted on a UAV flying over a large agricul-
ture field taking multiple images for the same location at low altitude of less than 60 m
to minimize the effect of atmospheric absorption and scattering on surface temperature
measurements. It is recommended to conduct flights on sunny or uniform overcast days
for a uniform sky background radiation assumption around solar noon ±2 hrs at the nadir
direction. It is also recommended that each agricultural field would have a reference plot
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with no nitrogen fertilizer being applied to represent the highest surface temperature value
as a reference point compared to other plots/treatments within the field. On the other
hand, a multi channel camera with a built-in sensor that can be mounted to a field pheno-
typing platform to detect immediate crop stress through temperature variation to respond
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Crop temperature sensitivity analysis
Different variables affect crop canopy temperature either directly or indirectly. Such vari-
ables include: applied nitrogen rate (N), variation in solar irradiance (φ̇Solarinput), air
temperature (Tair), soil temperature (Tsoil), vapor pressure deficit (VPD), soil moisture
(Soilmoist), humidity (RH), wind speed (V), time of the day (t), cloud cover(CC), crop
genetics (G), leaf angle (θLeaf ), leaf emissivity (ε), sensor view angle (θ), and many other
variables. Canopy temperature can be expressed as a function of those variables as pre-
sented in Equation A.1
TCanopy = f(N, φ̇Solar_input, Tair, Tsoil, TV PD, Smoist, RH, V, t, CC,G, θLeaf , ε, θSensor) (A.1)
Sensitivity and uncertainty analyses usually run in tandem, sensitivity analysis extends
the uncertainty analysis by describing how the uncertainty in the output variable (TCanopy)
can be apportioned to different sources of uncertainty in the input variables (e.g., N,
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φ̇Solarinput,Tair . . . ,etc). The general error or uncertainty propagation equation as a function























Where: x and y are independent variables, σxy is the correlation between the two input
variables, also referred to as a cross-correlation,σxand σy are the standard deviations in
the input variables. It is common to assume the independence of input variables, in which



















), which are often referred as sensitivity coefficients
and the uncertainties (σx,σy ,σxy) are to be calculated from the collected data. It is
typical to use either one standard deviation (1σ) or two standard deviations (2σ) for the
uncertainties σx,σy,σxy. 1σ captures 68.26% of the data and 2σ captures 95.44% of the
data for a Gaussian distributed random data. It is assumed for Tcanopy that all the variables
are independent except air temperature and humidity, which are known to have a direct
positive correlation [182]. Therefore, the Tcanopy uncertainty propagation equation can be
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Where the uncertainty contribution from the dependence of humidity on air temper-
ature is captured in the cross-correlation term of Equation A.4. In order to understand
how the Tcanopy uncertainty change for the changes in the input variables, a sensitivity
coefficient is commonly calculated and quantified. A sensitivity coefficient is defined as the
ratio of the output to the input variable ( ∂y
∂x
) and is calculated to observe how much the
output variable changes for a given change in the input variable under the assumption that
independent variables are uncorrelated, and the effect of humidity variation is negligible
given the short distance from the camera sensor to the plant surface, and that the partial
derivative is to be taken at a fixed value. Given those assumptions, it follows that the
variable that has the highest sensitivity coefficient will have a greater impact in the output


























































As an example, the proposed economic optimum rate of nitrogen is between 150 to 170
kg.ha−1 (personal communication, C. Swanton).The sensitivity coefficient with respect to
nitrogen can be calculated by taking the difference in the highest and lowest nitrogen rates
(the input variable x) and the difference in their corresponding mean surface temperature
values (the output variable y) at a specific day.Then, diversion of the difference in y over
the difference in x provides the desired result. For this example the data collected from
the Elora Research Station on July 6th, 2016 is used.
• The highest N rate is 230 kg.ha−1 and the corresponding mean canopy temperature
is 24.98 ◦C.
• The lowest N rate is 0 kg.ha−1 and the corresponding mean temperature is 25.73◦C.
The partial derivative that is referred to the sensitivity coefficient can be approximated
as a finite difference and output values can be calculated for small changes in the input
variables[183, 184]. Thus, the partial derivative can be approximated as in Equation A.6.
After substituting the given data in the example into Equation A.7, the sensitivity coef-
ficient for nitrogen variation is 0.003 ◦C/ kg.ha−1, which is significantly small due to the
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variability from other variables that affect canopy temperature, which explains the shallow
















The direct measurement of 1σ in TCanopy is 0.5◦C, and in the mean surface temperature
is 0.1 ◦C. Given the direct measure of TCanopy, Equation A.4 can be used to determine the
other variables sensitivities to canopy temperature. For example, TCanopy is known to be a
strong function of (φ̇Solarinput), so if φ̇Solarinput was to be measured enabling σφ̇Solarinput to
be calculated then the sensitivity coefficient for solar radiation can be calculated assum-
ing negligible uncertainty contributions from all the other variables except the nitrogen
fertilizer variation. Therefore, the non-nitrogen related variables need to be controlled, or
compensated through conditional sampling for more accurate investigation of the relation-
ship between nitrogen rate and surface temperature under variable conditions, please refer
to Section 6.3 for more detail.
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Appendix B
Corn leaf thermal emissivity
experiments
The knowledge of emissivity is very important for accurate surface temperature measure-
ments. This chapter discusses different experiments that were conducted on leaves ex-
tracted from corn plants grown under different greenhouse and field conditions to inves-
tigate the emissivity variation with nitrogen stress using the Surface Optics Corporation
(SOC 400T) infrared reflectometer and the Bruker Fourier transform infrared spectrometer.
This chapter has three specific objectives: (1) to propose an average leaf emissivity for corn
plants over the 7.5- 14 µm spectral waveband. (2) to confirm the emissivity spectral shape
for corn leaves over a chosen waveband of the 7.5- 14 µm compared to geranium leaves
spectral shape, which was found to have a higher average spectral emissivity compared to
corn leaves. (3) to propose further investigation in spectral wavebands as observed in the
emissivity spectra for corn plants supplied with different nitrogen rates.
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B.1 Introduction
Emissivity is defined as a measure of a surface’s ability to emit energy. It is the ratio
between the actual emitted energy from a surface at a given temperature to the energy
emitted by a blackbody at the same temperature [185, 186]. Its value ranges from 0 (perfect
reflector) to 1 (perfect emitter or a blackbody). Emissivity is a function of wavelength,
material type, thickness, roughness, and direction [187, 188]. Spectral absorptance (α) is
calculated through α = 1−ρ, where ρ is the spectral reflectance, then Kirchhoff’s Law and
the Stefan-Boltzmann equation are used to calculate the spectral emittance (ε).
Thermal remote sensing requires emissivity as an input for accurate surface temper-
ature measurements. Spectral emissivity has been assumed as a constant over selected
wavebands, for example, the average spectral emissivity over the 8-14 µm waveband is
assumed to be 0.98 [189], which affects surface temperature measurements. Emissivity
is different for various surfaces and species, for instance, one study observed that older
leaves have different emissivities compared to newer leaves [190, 186]. The emissivity of
vegetation is generally high compared to other objects because of its complex structure,
low spectral contrast, and high water content [191, 192]. Small variation in emissivity of
0.002 to 0.006 can induce a temperature difference of 0.1 ◦C to 0.3 ◦C between the upper
and lower sides of the leaf [193]. Little attention has been given to crop characteristics in
the thermal infrared waveband due to the complexity of spectral variations in crop plants,
which include both biophysical and biochemical variations [194]. It was found that plant
cuticle, which is a protective film covering the external wall of plant epidermal cells, and
the underlying cell wall, are the principal cause of spectral emissivity variation in crop
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plants [195, 196, 197]. An emissivity of 0.98 is recommended by Lopez et al.[189] as a
reference value when measuring surface temperature of horticultural crops and vegetables.
It is found that a small difference in emissivity for some crops may induce errors in surface
temperature up to 1.0 ◦C [198, 186] when the set emissivity is between 0.05 and 0.07 of
the actual emissivity at 22 ◦C temperature, which indicates the importance of emissivity
setting for accurate surface temperature measurement using infrared thermography [186].
Most of the one channel thermal cameras assume a constant emissivity of 0.97 for
vegetation [199], which limits the accuracy of surface temperature measurements. Jonas
[77] observed an average leaf spectral emissivity of 0.95 over the 8-14µm band compared
to plant canopies of 0.98-0.99. The variation between leaf and canopy average emissivity is
due the internal reflections among different leaves. The focus of this research is on spectral
emissivity instead of spectral reflectance because thermal remote sensing is associated
with surface emitted radiation, not surface reflected radiation. However, little attention
has been given in the past to spectral emissivity for different reasons including the low and
complex spectral emissivity variations due to plant physiological changes, leaf structure
traits, biochemical changes besides plant structural effects, and low signal-to-noise ratio of
the thermal infrared sensors, which fail to detect minor variations in crop thermal spectral
fingerprints[199]. Under variable field conditions, spectral emissivity which depend on
leaf structure and water content is affected by leaf cuticle thickness that depends on the
environmental conditions, growth stage, and crop hybrid [200].
Negative correlations were observed by Zhuang [190] between thermal emissivity with
stomata size, vein length, vein area, and top cuticular membrane thickness. Neinavaz
et al.[201] investigated the effect of leaf area index (LAI) variation on spectral emissivity
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[201]. A positive correlation was found between canopy emissivity and LAI, which indicated
that plants with high LAI have higher spectral emissivities compared to plants with lower
LAI. Ullah et al.,[202] used the mid and far infrared spectrum to investigate the difference
among plant species at a laboratory level. A statistically significant difference was observed
in thermal emissivity at selected wavebands. The emissivity signature of plant leaves is
dominated by a feature related to cellulose of the epidermis cells [202].
The relationship between spectral emissivity and crop stress was investigated in previ-
ous studies involving water stress effect on spectral emissivity [176]. It was observed that
stress increases the emissivity due to cavity effects (loss of spectral contrast due to multi
scattering [203]), as a result of cuticle thickness increase. On the other hand, emissivity
spectra decreases with stress as observed in beech and potato leaves [61, 176]. It is still
unclear how the emissivity spectra interact with vegetation biophysical and biochemical
properties in the thermal infrared spectrum [201]. It was found that leaf thermal emissivity
increases with water content increase [190]. Buddenbaum et al.[204] used a passive emissive
imaging spectrometer to differentiate between water stressed and non-stressed European
beeches. However, no solid conclusions were drawn regarding at which stage the water
stress can be detected using spectral emissivity [199]. Watson [205] investigated the rela-
tionship between thermal emissivity and plant temperature, it was concluded that thermal
emissivity not the transpiration process prevents overheating of plant tissue. In addition,
it was found that the presence of Vaseline on the plant surface decreases the emissivity of
that surface.
The main objective of investigating the possibility of emissivity variation with nitro-
gen stress came from the small temperature difference observed between stressed and less
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stressed corn plants under greenhouse and variable field conditions. In addition, an emissiv-
ity variation was observed in previous studies involving crop species variation ([189, 186]).
B.2 Materials and methods
Corn leaves (Zea mays) were collected from the Elora Research Station operated and owned
by the University of Guelph, ON, Canada in the year of 2018 and 2019. For 2018, three
experiments were conducted on the third fully expanded leaf counting from the top, and for
2019 two experiments were conducted in August on ear leaves collected from corn plants.
For the experiments conducted in 2018, corn plants were at different growth stages when
leaves were collected for the spectral reflectance measurements; in July 2018 corn plants
were at 11-12 leaf tip stage, in August 2018 plants were at the silking stage and in September
2018 plants were at the maturity stage. For the experiment conducted in September 2018
three ear leaves were collected from different corn plants from a plot supplied with 188
kgN.ha−1 nitrogen, the main objective was to observe the effect of repeated measurements
on spectral emissivity variation. Three leaf samples from different plants were collected per
nitrogen treatment of 0, 28, 57, 115, 188, and 230 kgN.ha−1. The hemispherical reflectance
was consistently measured using Surface Optics Corporation infrared reflectometer (SOC
400T) under laboratory conditions.
In addition, corn leaves were collected from the University of Waterloo greenhouse,
ON, Canada in 2019. Spectral reflectance was measured on the top side of a corn leaf for
3-4 fully expanded corn leaves. The spectral reflectance was measured using two devices
under laboratory conditions. The spectral reflectance was measured using a Surface Optics
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Corporation infrared reflectometer (SOC 400T) for Expt 1, and the spectral reflectance
with 10 nm resolution was measured using a Bruker Fourier transform infrared spectrometer
for Expt 4. Both devices cover the mid-infrared spectrum (2-25 µm). The chosen spectral
waveband of interest was the infrared (IR) band from 7.5 to 14 µm, which matches the
thermal camera waveband spectral range. The spectral emissivity in the infrared region
(ελ) was calculated from the spectral reflectance (ρλ) via ελ=1- ρλ under the assumption
of zero leaf transmissivity in the IR (7.5 to 14 µm) waveband [195, 193, 202]. When the
transmissivity is zero, which is the case for crop plants plus the soil, emissivity is simply
one minus the reflectance. This research reports emissivity instead of reflectance because
thermal remote sensing involves surface emitted radiation, not surface reflected radiation.
Furthermore, in order to investigate the spectral emissivity variation for different plant
species, the spectral reflectance for geranium leaves was measured in the two experiments
conducted for plants grown under greenhouse conditions in the year of 2019 (Expts 1 and
4) where healthy, clean and green geranium leaves were chosen for spectral reflectance
measurements. In both experiments one geranium plant was selected with multiple leaves.
The geranium plant was chosen due to its availability in the greenhouse at the time of
spectral reflectance measurements were conducted.
B.3 Data analysis
Statistical data analysis was conducted to investigate the significance of the difference in
leaf thermal emissivity among nitrogen treatments. Analysis of variance (ANOVA) and
F-test were applied. In addition, a paired t-test with an equal variance assumption, at
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a 0.05 significance level, was used to investigate if there is a difference in leaf emissivity
between the two nitrogen extremes (high and low nitrogen supply rates).
B.4 Results and Discussion
The very first experiment was conducted for leaves extracted from corn plants grown at the
University of Guelph greenhouse. Corn plants were supplied with a high rate of nitrogen
(160 kgN.ha−1) at different timings; at the beginning (Zone 1 and 4), middle (Zone 2 and
5) and close to the end of the experiment (Zone 3 and 6). A non-significant difference was
observed between stressed plants (supplied with nitrogen before the end of the experiment)
and less stressed plants (supplied with nitrogen from the beginning of the experiment).
Stressed plants had an average spectral emissivity over the 7.5-14 µm range of 0.966±0.01
and less stressed plants had an average of 0.967±0.01 as presented in Figure B.1.
154
Figure B.1: Spectral emissivity variation for stressed and less stressed corn leaves extracted
from plants grown at the University of Guelph greenhouse
B.4.1 Corn leaves collected from the Elora Research Station
Four experiments were conducted to measure the spectral reflectance of corn plants grown
under variable field conditions; two experiments were conducted in 2018 and two experi-
ments were conducted in 2019 (Figure B.2). Under variable field conditions, corn plants
were supplied with 6 different rates of nitrogen (i.e., 0, 28, 57, 115, 188, 230 kgN.ha−1).A
non-significant difference was observed among nitrogen treatments over the selected ther-
mal infrared waveband (7.5-14 µm). The mean and one standard deviation variability for
the average spectral emissivity among the six supplied nitrogen treatments on different
days in 2018 and 2019 is summarized in Table B.1. The spectral reflectance measurements
were conducted on three leaves at three selected measurement points per leaf (a total of
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nine measurements) for a given supplied nitrogen rate using the surface optics Fourier
transform reflectometer(SOC-400T).
(a) July 11th, 2018 (b) August 15th, 2018
(c) August 15th, 2019 (d) August 22th, 2019
Figure B.2: Average spectral emissivity variation with supplied nitrogen rate for corn leaves
collected from the Elora field on different days in 2018 and 2019.
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Table B.1: The mean spectral emissivity over the 7.5-14 µm waveband for different supplied
nitrogen rates
Date 0kgN.ha−1 28kgN.ha−1 57kgN.ha−1 115kgN.ha−1 230kgN.ha−1
July 11th, 2018 0.969± 0.006 0.973± 0.005 0.969± 0.006 0.971± 0.005 0.972±0.005
August 15th, 2018 0.967± 0.007 0.968± 0.006 0.968± 0.006 0.969± 0.007 0.968± 0.006
August 15th, 2019 0.968± 0.0067 0.969± 0.0063 0.969± 0.0068 0.9669± 0.0069 0.968± 0.0068
August 22th, 2019 0.967± 0.0065 0.968± 0.0066 0.968± 0.0062 0.967± 0.007 0.966± 0.008
In order to quantify the spectral reflectance measurement error, the measurements were
repeated five times at each of the selected two measurement points (i.e., near the leaf base
and on the leaf tip) for three corn leaf samples collected from one plot in the Elora field
where the corn plants were supplied with 188 kgN.ha−1 of nitrogen. The average and one
standard deviation variability of spectral emittance for each set of five repeated measure-
ments over the 8-14 µm waveband is presented in Figure B.3. The notation on the x-axis
includes the sample leaf number (i.e., S1, S2 or S3) with a corresponding selected measure-
ment point (i.e., p1 and p2). As an example, S1p1 refers to leaf sample 1 and measurement
point 1 near the leaf base. One-factor ANOVA was conducted on the repeated spectral
reflectance measurements to investigate the significance of the difference between repeated
measurements. A non-significant difference was observed between repeated spectral mea-
surements at a 0.05 significance level.
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(a) The average emissivity and variability
for selected measurement points
(b) An example of spectral emissivity for
leaf sample 2 and measurement point 1
Figure B.3: An average leaf emissivity over the 8-14µm waveband for five repeated measurements
The variation in spectral emissivity among multiple leaves per corn plant was inves-
tigated (Figure B.4). For example, the average spectral emissivity for two ear leaves per
corn plant collected from a plot supplied with 230 kgN.ha−1 of nitrogen are 0.9669± 0.006
and 0.9686± 0.006, respectively.
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(a) July 11th, 2018 (b) August 15th, 2018
(c) August 15th, 2019 (d) August 22th, 2019
Figure B.4: Average spectral emissivity variation for the same supplied nitrogen rate (230
kgN.ha−1) for different corn leaves in 2018 and 2019.
The variation in spectral emissivity for the same corn leaf with three different measure-
ment locations on the leaf (i.e., near the leaf tip, middle, near the leaf base) was investigated
as presented in Figure B.5. The average emissivity over the 8-14 µm waveband and stan-
dard deviation for the three selected points on ear leaf 1 were 0.9687 ± 0.0088, 0.9720 ±
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0.0078, and 0.9695 ± 0.0085, in addition, for ear leaf 2 the average emissivity were 0.9675
± 0.0071, 0.9696 ± 0.0082, and 0.9707 ± 0.0070, respectively. A slight variation in the
spectral emissivity per measurement point per leaf was observed, which was not significant.
The maximum difference in the average emissivity over the 8-14 µm waveband between
the three selected points were 0.0033 and 0.0032 for the two presented corn ear leaves (ear
leaf 1 and 2), respectively.
(a) Corn ear leaf 1 (b) Corn ear leaf 2
Figure B.5: Spectral emissivity variation on three selected measurement points per corn ear leaf
B.4.2 Corn leaves collected from the University of Waterloo green-
house experiments
Spectral reflectance (ρλ) was measured for corn leaves extracted from Expt 1 (Apr-May,
2019) using a surface optics Fourier transform infrared reflectometer, and a spectral re-
flectance (ρλ) was measured for corn leaves extracted from Expt 4 (Oct-Nov, 2019) using
a Bruker Fourier transform infrared spectrometer. The spectral reflectance was converted
to spectral emissivity (ελ), respectively, using the formula of ελ=1- ρλ. A non-significant
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difference in leaf emissivity among nitrogen treatments over the 7.5-14 µm waveband was
observed in both Expts 1 and 4, at a 0.05 significance level, whereas the spectral shape
remained unchanged.
In Expt 1, the average leaf emissivity was calculated for 20 measurement points per
corn sample for both high and low N rates. In Expt 4, two sub-experiments were conducted
on two different days; on Oct 25th and on Nov 19th, 2019 where the spectral reflectance
was measured using a Bruker Fourier transform infrared spectrometer. For the experiment
conducted on Oct 25th, 2019 the average leaf emissivity was calculated for two corn samples
and four measurement points per sample, which represents four selected leaves per N
treatment. For the experiment conducted on Nov 19th, 2019, the average leaf emissivity
was calculated for three corn plants. For the high N rate 13 measurement points were
selected from three corn plants, and for the low N rate 10 measurement points were selected
from three corn plants. It was observed that corn plants supplied with a low nitrogen rate
has higher emissivity over the 7.5-11 µm waveband compared to corn plants supplied
with a high nitrogen rate (Figure B.6). The error bars represent the error in the mean
( σ√
n
), therefore the greater the number of measurement points (n) selected, the smaller the
calculated error in the mean for a given standard deviation (σ).
The average leaf emissivity of 0.96 ± 0.017, 0.968 ± 0.015, and 0.963 ± 0.015 for corn
plants supplied with a high N rate for Expt 1, Expt 4-Oct 25th, and Expt 4-Nov 19th
over the 7.5- 14 µm waveband, respectively. Due to the non-significant difference among
nitrogen treatments, the average emissivity of 0.96 can be used as a user input to a one
channel thermal camera that requires emissivity input for accurate surface temperature
measurements.
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A spectral peak for corn plants is observed at a 9.67 µm wavelength. This peak is
related to surface scattering response due to the presence of xylan found in corn hulls and
leaves [197]. Xylan is a major component of plant biomass and hemicellulose. A variation
in plant cuticle thickness is reported in previous studies for different leaves within a plant
canopy [61].
(a) Expt 1- June 5th, 2019 (b) Expt 4- Oct 25th, 2019
(c) Expt 4- Nov 19th, 2019
Figure B.6: The average leaf emissivity for corn plants from the greenhouse experiments con-
ducted in 2019 supplied with high and low N rates.
162
In addition, the spectral reflectance was measured for geranium leaves in Expts 1 and
4. A geranium plant was selected due to its availability at the greenhouse on the time
of growing corn plants for reflectance measurements and because it has a large round
leaves that are easy to attach to the small spectrometer and reflectometer aperture. It was
observed that germanium leaves have higher average spectral emissivity of 0.987 ± 0.004
and 0.983± 0.003 over the 7.5-14 µm waveband in Expts 1 and 4, respectively, compared
to corn leaves (Figures B.7 and B.8). One possible explanation for this average emissivity
variation between corn and geranium leaves is that the two crop plants have different
cuticle thickness, therefore, different emissivity spectra would be expected. The average
leaf thermal emissivity for geranium plant is based on 7 leaves for Expts 1 and 4. In both
Figures B.7 and B.8 the error bars represent the error in the mean.
(a) Corn supplied with high N rate (b) Geranium
Figure B.7: An average spectral emissivity over the 7.5-14 µm waveband from Expt 1.
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(a) Corn supplied with high N rate (b) Geranium
Figure B.8: An average spectral emissivity over the 7.5-14 µm waveband from Expt 4.
One experiment was conducted on June 13th, 2019 using the SOC400T reflectrome-
ter to study the spectral emissivity variation with measurement time with the need of
SOC400T reflectrometer calibration every hour before collecting the spectral reflectance
measurements. The same leaf location was selected every time a reflectance measurement
was conducted. A non-significant difference was observed between spectral emissivity and
time variation, which is expected since the only variable that was changing is time and
after every hour of reflectance measurement, the SOC 400T reflectrometer was calibrated
before collecting spectral reflectance data to reduce the error associated with the accuracy
of the device.
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(a) 10 minutes time interval between mea-
surements
(b) 1 hour time interval between measure-
ments
Figure B.9: Spectral emissivity variation with time, while holding other variables constant
B.5 Experimental sources of error
The potential sources of error in the spectral reflectance measurements for crop plant leaves
include the following:
• Number of scans and runs selected for the spectral reflectance measure-
ments. The more number of measurements is selected the less error expected in the
experiment.
• Systematic error from the device itself. This can be tested through conducting
multiple reflectance measurement for the same measurement point/location while
holding all other variables as constant.
165
• Leaf randomization. In order to minimize the systematic error, spectral reflectance
needs to be measured while alternating between stressed and less stressed leaves to
ensure that the data are random for statistical analysis purpose.
• Holding leaves in a good shape until the spectral measurements are con-
ducted. Leaves were removed along with 4 cm of stem. Leaf stems were wrapped in
a wet tissue paper until the spectral reflectance was measured to prevent leaf wilting
and rapid changing of leaf properties. Leaves need not to be wet due to spectral
emissivity variations between dry and wet leaves[77].
• The variation in operating conditions. Spectral reflectance measurements were
conducted under laboratory conditions due to device sensitivity to outdoor condi-
tions, area, and software set up limitations.
• Device calibration and correction for atmospheric attenuation. Calibration
was conducted using a gold plate reference (high reflectively of 0.986) when the
reflectrometer was left without operation for more than 2 hours to minimize the
errors associated with accuracy.
• Leaf tissue analysis. It is recommended to conduct leaf tissue analyses before
conducting spectral reflectance measurements and emissivity calculation in order to
investigate if the difference in the leaves nitrogen content under study is significant.
The previously mentioned experiments in this work are based on the variation of
supplied nitrogen rate to corn plants under different greenhouse and field conditions.
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B.6 Conclusion
The results obtained previously by Ullah [202] and Neinavaz [201] confirm that crop plants
have relatively high emissivity compared to other objects. This research investigated the
effect of varying nitrogen rate on leaf thermal emissivity under laboratory conditions. An
average leaf emissivity of 0.96 ± 0.006 for corn leaves over the 7.5-14 µm waveband is
proposed as an input for one channel thermal cameras, which can be used as a reference
value for future studies involving surface temperature measurements of corn plants. A
slight increase was observed in the average emissivity over the 7.5-14µm waveband with
nitrogen deficiency, which was expected given the previous studies involving increasing
emissivity in the infrared waveband with water stress [199]. Finally, it is recommended
that extensive studies be conducted under more controlled conditions such as greenhouse





Whorl temperatures were proposed in this research as a proxy for crop surface tempera-
ture, because the exergy destruction principle involves surface temperature measurements.
Whorl temperature is measured using thermocouple to provide longer time duration mea-
surements from a consistent single location as the leaves are small to support the thermo-
couple weight without causing tissue damage, therefore, thermocuples were placed into the
corn whorl at 4-5 leaf tip stage, when the whorl was big enough to keep the thermocouple
in its place. In addition, a wooden stake was used for an additional thermocouple support.
The main objective of this chapter is to investigate the variation of whorl temperature with
nitrogen rate under controlled greenhouse conditions.
Whorl temperatures were measured using a type T, ungrounded with FEP-Insulated
thermocouple. The chosen thermocouples were manufactured by Digi-Sense, Canada, with
Tmax = 400 ◦C, 0.51 mm in diameter, and ±2 ◦C accuracy. Thermocouples were attached
through a mini connector to a 12 channel data-logger with an SD card (Extech DT4208SD,
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Cole-Parmer, Canada) for continuous temperature measurements, with a selected sampling
rate of 30 minutes. Whorl temperature averages were recorded. Thermocouples were
placed directly into the whorl of corn plants as the leaf surface is very small to support the
thermocouple weight without causing tissue damage, and to minimize the error associated
with heat radiation.
An expected mid-day and mid-night relative whorl temperature reversal trend was
observed at the University of Guelph greenhouse and the Elora field conditions between
stressed and less stressed corn plants. The results for some whorl temperature measure-
ments have been shown in this thesis in previous greenhouse and field results sections. It
was observed that less stressed plants were cooler in the day and warmer at night compared
to highly stressed plants as predicted by the exergy destruction principle. During the night,
there is no energy input and less stressed plant system should be more conservative to use
energy, thus it has higher surface temperature at night. However, a non-consistent rela-
tionship was observed between whorl temperature and nitrogen stress under greenhouse
and field conditions. Therefore, the need was realized to conduct more experiments in a
more controlled environment such as growth chambers.
C.1 University of Waterloo growth chamber experiments
Two experiments were conducted at the University of Waterloo growth chamber from
November 2019 to February 2020 under semi controlled conditions to investigate the ef-
fect of nitrogen deficiency on whorl temperature during the day and night cycle. Corn
plants were grown using the same methodology described previously in the "greenhouse
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experiments at the university of Waterloo material and methods section". Whorl temper-
ature data were collected starting at V3 growth stage. The growth chamber maintained
semi controlled conditions for growing corn plants. The conditions were day/night tem-
perature of 25◦C/18◦C, a day/night photo-period of 16/8 hours, and light intensity of 600
umol/m2/s at a distance of 50 cm and 430 umol/m2/s at 100 cm. The lights were off from
9:00 pm to 5:00 am. The growth chamber has an area of 1.4 m2, therefore, due to space
limitations only 9 pots were chosen (Figure C.1); 5 pots with corn plants were supplied
with high nitrogen rate of 1.4 g/L and 4 pots were supplied only with tap water from
the beginning of the experiment. The experiment was conducted in a randomized order
to minimize the systematic error. It was expected that nitrogen stressed corn plants will
have higher whorl temperatures during the day and lower temperatures during the night
compared to less stressed plants.
Figure C.1: Corn plants grown under growth chamber conditions at the University of Waterloo
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Two experiments were conducted under the growth chamber conditions. The first ex-
periment was conducted in Nov 2019, during which it was observed that two less stressed
corn plants, supplied with a high nitrogen rate, out of five plants had lower whorl tem-
peratures (day/night average temperature of 21.5◦C/14.5◦C) during the days compared
to the average day/night surrounding measured air temperature in the growth chamber
of (22.4◦C/14.4◦C), and the other three corn plants supplied with higher rate of nitrogen
had higher temperatures during the days compared to stressed corn plants (supplied with
only tap water from the beginning of the experiment). A significant visual difference was
observed between stressed and less stressed corn plants. Less stressed plants grew faster
and had green leaves with strong stems compared to stressed plants. One of the limitations
of using thermocouples is that wires were falling from the stem and measuring the soil or
surrounding air temperature depending on where they fell, therefore, it was important to
check the plants daily to make sure that the wires were inside the stem. The days when the
wires were off were excluded from whorl temperature analysis. Figure C.2 represents the
non-consistency in the results, which showed the opposite of what was expected regarding
the correlation between whorl temperature and nitrogen stress during the day and night
cycle. For example, on Dec 20th, 2019, it was observed that 3 out of 4 corn plants sup-
plied with high nitrogen rate had higher whorl temperatures during the day compared to
stressed plants that were supplied with only water from the beginning of the experiment.
Otherwise, four plants supplied with a high nitrogen rate had very close whorl tempera-
tures during the night of 14.7±0.96◦C, 14.86±0.98◦C, 14.66±0.78◦C, and 14.95±0.98◦C,
respectively. A corresponding average air temperature of 22.4±0.08◦C and 14.4±0.12◦C
and surface soil temperature of 22.7±0.08◦C and 15±0.25◦C was recorded on that day
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during the day and night cycle, respectively.
(a) Comparison of the four high nitrogen treat-
ments with air temperature measurements
(b) Comparison in whorl temperature between
high and no nitrogen supplied corn plants
Figure C.2: Corn plants supplied with a high nitrogen rate are hotter compared to stressed
plants on Dec 20th, 2019.
The second experiment was conducted in Jan 2020 for approximately 6 weeks, five plants
were supplied with only tap water from the beginning of the experiment and four plants
were supplied with a high nitrogen rate (1.4g/L) after seed emergence. Whorl temperature
data were recorded every 1 minute. A slight temperature difference was observed in the
surrounding air temperature during the day of 1◦C difference between the two ends in
the growth chamber at 1 m height, which introduced an additional source of error to
whorl temperature measurements. It was observed that less stressed plants had higher
temperatures during the day compared to stressed plants. As an example, the average
temperature during the day and night on Feb 4th, 2020 for plants supplied with a high rate
172
of nitrogen was 24.47±0.14 and 17.07±0.21 compared to stressed plants of 22.97±0.075
and 17.056±0.334, respectively.
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(a) Whorl temperature for stressed corn on
Jan 31- Feb 1th, 2020
(b)Whorl temperature for less stressed corn
on Jan 31- Feb 1th, 2020
(c) Whorl temperature for stressed corn on
Feb 4-5th, 2020
(d)Whorl temperature for less stressed corn
on Feb 4-5th, 2020
Figure C.3: Whorl temperature variation between day and night for stressed and less stressed
corn plants grown in a growth chamber
Finally, there were many issues associated with growing corn plants under growth cham-
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ber conditions, despite it being a semi controlled environment. Some of the issues are
described as follows:
• A non-uniform air temperature distribution in the growth chamber, despite it being
set to 25◦C during the day and 18◦C during the night. There were two holes in
the growth chamber walls for air input and air output. As an example, Figure C.4
shows the temperature difference in the two thermocouple measurements collected
on two days in February at the same height (1 m). The location from where the
thermocouple used to measure air temperature 2 was very close to the air input,
therefore, a cooler temperature would be expected compared to air temperature 1.
• Corn plants supplied with high nitrogen rate were growing faster and sprouting more
leaves compared to stressed plants that were weak and mostly covered with yellow
leaves. It was observed that corn plants supplied with high nitrogen rate were experi-
encing water stress due to high light intensity (personal communication, C. Swanton,
2019) that affected whorl temperatures. Water stress was detected visually through
leaf wilting, which explained the sudden increase in temperature.
• Uneven light intensity distribution. At the beginning of the experiment, each pot
was placed under one light bulb to ensure that all plants had even light distribution.
• Using whorl temperature as a proxy for surface temperature is very unpredictable
since it depends on which depth the thermocouple was inserted and what the tip of
the wire measures, which introduced much error while conducting data analysis and
comparing treatments.
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(a) On Feb 5th, 2020 (b) On Feb 6th, 2020
Figure C.4: Air temperature variation in the growth chamber during the day and night cycle
Therefore, more controlled experiments are required to collect 24 hours continuous
surface temperature measurements using a thermal camera, because whorl temperature is
found to be a not good proxy for surface temperature.
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Appendix D
Corn canopy temperature extracted
from a thermal camera mounted on a
drone
Canopy temperature measurements were conducted using a high resolution thermal camera
mounted on a drone over the Elora field in 2019 to capture a large study area including
one plot (approximately 60 m2 in area with 600 corn plants). In this chapter, relative
temperatures are compared for different plots supplied with different nitrogen rates.
D.1 Materials and methods
Thermal images were collected using the DJI Zenmuse XT2 dual camera that has a good
stabilization system. The thermal camera has 640× 512 pixel resolution, spectral range of
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7.5-13.5 µm, 17µm pixel pitch, 45◦ horizontal field of view (FOV) and 37◦ vertical FOV,
13 mm diameter lens, a thermal sensitivity of 50 mk, and it is less than 1 kg in weight.
Thermal images were collected on five different days in July and August 2019, when corn
plants growth stage range from V7 to tassling stage. Canopy temperatures were collected at
40 m above ground level, which reduced the image distortion caused by atmospheric effects.
Three flights were conducted at morning (11 am), around noon (12 pm) and afternoon time
(2 pm). Each flight included two reverse flights (back to back flights) to investigate the
variation in canopy temperature with nitrogen stress over large scale area when the time
between measurements varies. The flights were conducted over the first two rows in the
field with their corresponding reverse flights which took approximately 20 minutes of flying
time. Three thermal images were collected per location and approximately 100 thermal
images were recorded in a morning or noon or afternoon flight. Thermal images were taken
perpendicular on the field, in the nadir direction. The temperature data collection was
conducted under clear sky or uniform overcast days for uniform sky background radiation
assumption. Thermal images were collected from the first two rows, each row containing 20
plots supplied with different rates of nitrogen, however, 60% of plots per row were supplied
with 28kgN.ha−1 nitrogen in order to investigate if there is any residual nitrogen that could
be accounted for after 10 years of repeated nitrogen treatments (from 2009 through 2019).
A manual flight path was used for thermal image acquisition. In addition, wooden stakes
covered with aluminum foil were used to identify plot borders in the thermal images.
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D.1.1 Thermal image processing
Thermal images were processed using FLIR ResearchIR software (version 3.5, FLIR), and
Matlab software R2018B (Mathworks Inc., Natick, MA, USA). Thermal images were ob-
tained in a JPG format. Multiple images were collected for the same plot to calculate
the error in canopy temperature measurements. The pixel value in each image represents
the temperature of that pixel. Thermal images were analyzed in Matlab using the image
processing toolbox.
The atmospheric correction was not conducted for the collected thermal images using
the DJI Zenmuse XT2 dual camera because the images were taken under clear sky or uni-
form overcast days and the drone was flying at relatively low altitude of 40 m above the
ground level. However, atmospheric correction is important for accurate temperature esti-
mation of satellite and airborne sensors to account for atmospheric absorption, scattering
and emission. It was found that surface temperature variations in satellite image analysis
without conducting atmospheric correction can range from 1-5◦C temperature difference
[206]. Atmospheric transmission (τ), which is a function of relative humidity, air temper-
ature, and the distance between the object and the camera sensor was calculated using
equations described in Di Felice et al. [159] and in Minkina and Dudzik [207]. It is as-
sumed that all crop plants are exposed to approximately the same atmospheric conditions
[208]. For leaf and canopy temperature measurements the maximum distance between crop
surface and the thermal camera sensor was set to 5 m, and for the temperature measure-
ments acquired using the DJI Zenmuse XT2 dual camera, the altitude was no more than
40 m above the ground level, therefore, atmospheric correction was not necessary because
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of low altitude, short time duration, and uniform weather conditions. It is found that at-
mospheric transmittance at 5 m distance is 0.986, and at 40 m distance is 0.953, which was
calculated using equations presented in Di Felice et al. [159] with an assumed atmospheric
temperature of 300 K and 50% humidity. The effect of distance variation on atmospheric
transmission is presented in Figure D.1. It is observed that increasing the thermal camera
distance from the crop surface decreases the atmospheric transmission.
Figure D.1: Atmospheric transmission decreases with object to camera sensor distance increase.
D.2 Result and Discussions
Three flights were conducted each day for temperature data collection, including two re-
verse flights (back to back flights) at selected times (morning, noon and afternoon) to
investigate crop temperature variation during a small time duration. It was observed
that corn plants supplied with the highest rate of nitrogen (230 kgN.ha−1) consistently
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had the lowest surface temperature compared to other plots (Figure D.2). In addition, it
was observed that plots supplied with the same rate of nitrogen (28kgN.ha−1) scattered
throughout the field had a temperature difference up to 1 ◦C. The possible explanation is
the existence of residual nitrogen in the soil from the previous years which cause nitrogen
variation across plots supplied with the same amount of nitrogen, which is not detected
during soil nitrate sampling due to limited samples collected from the whole field. The
temperature variability for the same plot in two reverse flights was between 0.2-0.8◦C.
From the first row in the field corn plants supplied with high nitrogen rate (230 kgN.ha−1)
had consistently lower crop temperatures compared to corn supplied with lower nitrogen
rate on different days in July and August 2019 for the second flight conducted around
noon time (12 pm) as presented in Figure D.3. The error bars represent the error in the
temperature measurements.
Variations in canopy average temperature was observed during different days conducted
in July and August 2019, the temperature range for plants supplied with a high rate of
nitrogen was from 14◦C to 28◦C. A significant temperature difference was observed between
the two plots supplied with high and low nitrogen rates, respectively, in the three flights
conducted per day as summarized in Table D.1. The error calculated is the standard error
from three measurements points per nitrogen rate.
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Figure D.2: Corn plants supplied with high nitrogen rate had lower temperatures compared to
plants supplied with low nitrogen rate(data collected on July 18th, 2019)
Figure D.3: Corn plants supplied with high nitrogen rate had consistently lower temperatures
compared to plants supplied with low nitrogen rate on different days in 2019 for the second flight
(F2) conducted around noon time.
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Table D.1: The average surface temperature for two N extremes plots in three flights
acquired on different days in 2019.
Date Flight THighN TlowN
18-Jul at 11 am 25±0.13 26.07±0.09
at 12 pm 28±0.01 30.6±0.12
at 1pm 34±0.15 35.2±0.03
26-Jul at 11 am 32.38±0.15 33.37±0.2
at 12 pm 30.4±0.057 34.8±0.01
at 2pm 29.6±0.5 29.97±0.06
9-Aug at 11 am 19.57±0.057 19.89±0.7
at 12:30 pm 14±0.45 15.64±0.3
at 2pm 18.3±0.3 18.7±0.3
15-Aug at 12 am 22.67±0.057 22.9±0.9
at 1 pm 19.47±0.0578 19.6±0.17
at 2pm 22±0.2 22.6±0.1
23-Aug at 11 am 20±0.7 22.3±0.0577
at 12 pm 22.2±0.1 25.23±0.057
at 1pm 21.47±0.7 24.2±0.057
Crop temperature variation on Aug 15th, 2019 over the same plot supplied with 230
kgN.ha−1 nitrogen located in the first row (i.e., first plot in the field) at different times
of the day is presented in Figure D.4. An average crop temperature of 20.8±1.2◦C,
19.5±0.8◦C, and 20.8±0.9◦C with selected rectangular box of 19000 pixels for flights con-
ducted at 12:00 pm, 1:00 pm, and 2:00 pm, respectively. An approximate average crop
temperature difference of 1◦C is observed across the three flights for the same plot at dif-
ferent times on Aug 15th, 2019. A possible explanation of temperature variation over a
short period of time ±2hrs is the variation in the cloud cover, despite conditional sampling
of uniform overcast days, which sequentially change the incoming solar radiation.
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(a) at 12 pm (b) at 1 pm
(c) at 2 pm
Figure D.4: Temperature variation of one selected plot supplied with a high rate of nitrogen at
different times on Aug 15th, 2019.
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As a conclusion, for an accurate crop temperature data collection it is recommended
to be conducted under the same atmospheric conditions and the same time of the day and
more preferably around solar noon, for the maximum incoming solar radiation assumption,
in order to be able to compare different plots and draw more solid conclusions regrading
the relationship between crop surface temperature and crop stress. However, further exper-
iments are required under different variable conditions to test and justify the two proposed




Order of magnitude estimates for
energy equation terms
This appendix describes order of magnitude estimates for energy related components de-
scribed in the energy Equation 3.3.
E.1 Air expansion
Consider the 2 m high volume above ground shown for the system in Figure E.1. This
system boundary volume by definition is fixed, however, as the air warms during the day it
will expand forcing some air to leave the system carrying with it some energy. For an order
of magnitude estimate of the energy loss by expanding air flow it can be assume that all
the air exits in the vertical direction as shown in Figure E.1. For simplicity of calculation
we can consider a 1 m2 surface area as shown in Figure E.1b.
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(a) Field dimensions
(b) Expansion volume, air flow out
Figure E.1: The air expansion model
For a conservative estimate of the energy flow out due to air expansion the entire
volume will be considered to be filled with air. Now consider an initial volume of 2 m3 of
air (Figure E.1b) at 10 ◦C. If the pressure is taken as constant at P = 100 kPa, and the
temperature increases by a conservative 20 ◦C resulting in an end temperature of 30 ◦C,
then by the ideal gas law, the air density will decrease causing the air to expand resulting
in 0.14 m3 of air exiting the system due to air expansion.
∆V = V (30C)− V (10C) = T (30C)V (10C)
T (10C)
− 2 = 2.14− 2.00 = 0.14 m3 (E.1)
The energy transported outside the system is (Eout) = moutCp∆T , where the mass is









= 0.167 kg (E.2)
so the energy output from the system is Eout = moutCp∆T=(0.167 kg) (1.003 kJ/kg.k)
(20◦C) = 3.35 kJ, therefore, the energy output rate during a 4 hour period as the air heats
from 10 ◦C to 30 ◦C is then given by
Eoutrate =
3.35kJ




= 0.00023 kW (E.3)
This Ėout of 0.23 W is negligible compared to the observed mid-day radiation compo-
nents of incoming solar radiation of 400-900 W/m2, reflected radiation of 80-120 W/m2,
background radiation of 350-500 W/m2, and emitted radiation of 400-700 W/m2. These
radiation values were measured using a net radiometer at the Elora field on clear sky
conditions under different days in the summer of 2019.
E.2 Water expansion
Following the same method detailed in section E.1 used to estimate the contribution of
air expansion to the energy balance (Equation 3.3), however, the contribution of water
expansion is also negligible. For example, if the entire 2 m3 volume shown in Figure
E.1b is now assumed completely filled with water vapour at 100 kPa, and experiencing
a temperature change from 10 ◦C to 30 ◦C, the ideal gas volume expansion remains the
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same at ∆V = 0.14 m3, with R (individual gas constant) of 461.4 J/kgK for water vapor,
whereas mout=0.104 kg, and with a Cp= 1.872 kJ/kgK, the energy output is
Ėout = ṁoutCp∆T = (0.104kg)(1.872kJ/kg.k)(20
OC) = 3.89 kJ (E.4)
Eout_rate =
3.89kJ




= 0.00027 kW (E.5)
This Ėout of 0.27 W is negligible compared to the observed mid-day radiation compo-
nents.
E.3 Water transport due to transpiration
Different studies investigated how much water is output for a corn crop per day [138, 209,
132] and the maximum value is taken for water energy output calculation of 15100 liter per
day per acre [132]. Assuming an output mass flow of 3.7 L/day/m2 which is equivalent to
4.3 × 10−5 kg/s [138]. In the transpiration process the water enters as a liquid and leave
the plant surface as a water vapor, the change in enthalpy can be estimated as follows
∆h = hin − hout (E.6)
∆h = cp
liquid
(Tin − Tleaf ) + hfg(Tleaf ) + cp
vapor
(Tleaf − Tout) (E.7)
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Where hin, houtput are the input and output enthalpy in and out of the system measured





is 1.996 kJ/kgK, hfg for water at 25 ◦C is 2442.3 kJ/kg, so ∆h=2369.62
kJ/kg.
Ėnet_water_out = ṁout∆h (E.8)
The energy water output due to transpiration is 0.102 kW. Ėwater_out of 102 W is
significant.
E.4 Biomass output
The energy associated with biomass output before harvest is zero when temperature mea-
surements were conducted. After harvest, there is an effect of biomass output on the total
energy for a crop plant system. As an example, the corn cob and stalk has a high calorific
energy of 17.72 MJ.kg−1 and corn leaves have a calorific energy of 16.99 MJ.kg−1 [210].
Assuming that 5 corn plants have a 6 kg biomass (given the biomass data collected
from the greenhouse and field experiments), so per field plot area of 60 m2 containing 600
corn plants over a growing season of 3 months, the total biomass per plot can be estimated
as 720 kg. Multiplying the total biomass per plot area of 60 m2 with specific energy, so





















= 26 W (E.10)
This Ėbiomass_out of 26 W is small compared to radiation components. The fraction
of biomass output compared to the incoming solar radiation (assuming the maximum
incoming radiation energy of 900 W/m2 under clear sky conditions) is 3% ((26/900) ×
100%).
In addition, there is no net energy gain or loss due to heat storage changes in the biomass
because, on a daily basis, biomass energy stored in the morning and early afternoon will
be returned to the air in the late afternoon and evening hours [211].
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Appendix F
Order of magnitude estimates for exergy
terms compared to the solar exergy
This appendix describes order of magnitude estimates for exergy related components com-
pared to the solar exergy.
F.1 Solar exergy
As explained in Section 3.9, Model 1 from Kabelac [150] which assumes zero entropy

















Assuming a crop surface temperature, TSurface, of 25 ◦C (298 K) and a solar temperature
of 5762 K [93], the solar exergy (Xsolar
φSolar
















Where the incoming solar energy (φSolar), as measured using a net radiometer on dif-
ferent days in 2019 at the Elora field, is in the range of 400-900 W/m2. Therefore, the
solar exergy (Xsolar) is in this range of
XSolar = [400− 900 W/m2]× 0.931 = 370 W/m2 to 838 W/m2 (F.3)





The exergy associated with background radiation is estimated assuming a crop surface
temperature, TSurface, of 25 ◦C (298 K), and background temperatures of TBackground=1
◦C (274 K) for clear sky conditions and TBackground = 18 ◦C (291 K) for cloudy conditions


















For TBackground=1◦C and 18◦C, the background exergy (
XBackground
φBackground
) is given by































The background energy (φBackground), as measured using a net radiometer on different
days in 2019 at the Elora field, is in the range of 350-500W/m2. Therefore, the background
exergy (XBackground) for TBackground=1 ◦C and 18 ◦C is in this range of
→ For Tbackground = 1 ◦C (274 k)
XBackground = [350− 500 W/m2]× 0.0163 = 5.7 W/m2 to 8.2 W/m2
→ For Tbackground = 18 ◦C (291 k)
XBackground = [350− 500 W/m2]× 1.173× 10−3 = 0.4 W/m2 to 0.6 W/m2
(F.7)
The relative background exergy (XBackground
Xsolar
) for TBackground=1◦C and 18◦C is as follows
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Therefore, the exergy contribution from background radiation is small (1.2 %) to neg-
ligible (0.0828 %).
F.3 Fertilizer input
The exergy associated with input fertilizer is calculated using the following assumptions:
The average solar plus background flux in Elora, ON, Canada is 1325 W/m2 [213], 1m2
surface area, 3 months of growing season, 10 hours sunlight per day, and the fertilizer is
Ammonium Nitrate. The total solar energy is calculated as follows








= 4.29 GJ (F.9)
The total fertilizer sprayed, assuming an optimum nitrogen rate of 150 kgN.ha−1 over






× 1m2 = 0.015 kg (F.10)
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× 0.015 = 0.0000345 GJ (F.11)
Comparing the Gibbs free energy (which is equal to a substance’s chemical exergy) to






= 0.8× 10−5 ≈ 0 (F.12)
Therefore, the fertilizer exergy is negligible compared to the solar exergy.
F.4 Air expansion
Following the same example of air expansion discussed previously in Appendix E with the
same assumptions of: 1m2 area, P0 = 100 kPa, soil input temperature of T=10 ◦C, and the
reference environment temperature of T0=30 ◦C, the exergy of the air within the system
boundaries (Figure 3.2) can be calculated as follows:
XAir_expansion = mair_out × [(uin − u0) + P0(v − v0)− T0(Sin − S0)] (F.13)
Assuming an ideal gas, the internal energy and entropy terms in Equation F.13 can be
expanded as follows:
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XAir_expansion = mair_out ×
[













WhereXAir_expansion is the exergy associated with air expansion, uin is the input internal
energy and sin is the input entropy at the input soil temperature of T=10 ◦C. u0 is the
internal energy and s0 is the entropy at the reference environment temperature T0=30 ◦C.
P0 is the assumed environment pressure, v is the specific volume at T=10 ◦C and v0 is the
specific volume at the environment temperature T0=30 ◦C.
For Equation F.14, P0 = 100 kPa, V0 = 2 m3, V(from Appendix E calculations)=2.14
m3, Cv for the air is 0.718 kJ/kg.K, T=10 ◦C, T0=30 ◦C, and R for the air=0.2870
kJ/kg.K. The mass of air that exits the system due to expansion was calculated in
Appendix E to be mair_out=0.167 kg, and also recall the volume change of air exiting the
system is 0.14 m3, therefore,






























Then, the exergy associated with air expansion during a 4 hour period is
XAir_expansion =
0.05 kJ
4 hr × 3600 s
hr
= 3.5× 10−6 kW = 3.5× 10−3 W (F.16)
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= 5.8× 10−6 ≈ 0 (F.17)
This is negligible compared to the solar exergy.
F.5 Water expansion
Following the example of water expansion discussed previously in Appendix E with the
same assumptions of: 1 m2 area, P0 = 100 kPa, soil input temperature of T=10 ◦C, and
the reference environment temperature of T0=30 ◦C, the total flow exergy per kilogram of
air and water vapor can be calculated as described in Bejan [141], which is given by




− 1− ln T
T0
)















Now, Xwater_vapor_mixture is the exergy associated with water expansion, Cp,a is the
specific heat capacity of the air of 1.003 kJ/kg.K, w is the specific humidity (kgwaterkg−1air),
w0 is the specific humidity at the reference environment conditions (kgwaterkg−1air), Cp,v is the
specific heat capacity of the water vapor of 1.872 kJ/kg.K, T0 is the assumed environment
temperature of 30◦C (303 K), T is the assumed water input temperature of 10 ◦C (283 K),
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w̃ is the mole fraction ratio (kmolwaterkmol−1air), P0 is the environment pressure of 100 kPa,
and Ra is the gas constant for air of 0.2871 kJ/kg.K
The proportionality between specific humidity ratio (w) and specific humidity ratio on
a mole basis (w̃) is given by [215]
w̃ = 1.608w (F.19)
Where the specific humidity ratio is given by [216]
w = 0.622× pv
Patm − Pv
, pv = φ× Psat@dbT (F.20)
And Patm is the atmospheric pressure, pv is the partial pressure, and φ is the relative
humidity which is assumed to be 60%. Therefore, using Equation F.20, w at 10 ◦C is
4.62× 10−3 and w0 at the environment temperature of 30 ◦C is 0.0163.
In addition, Equation F.18, can be re-written as follows




− 1− ln T
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(1 + 1.608× (0.0163))
(1 + 1.608× (4.62× 10−3))
]









With Xwater_vapor_mixture calculated to be 1.49 kJ/kg, and with the mass of water that
exits the system due to expansion being mwater_out= 0.104 kg as determined in Appendix
E, then the exergy associated with water expansion,XWater_expansion, is given by
XWater_expansion = mWater_out×XWater_expansion = 0.104 kg× 1.49
kJ
kg
= 0.154 kJ (F.23)
Correspondingly, the exergy associated with water expansion during a 4 hour period is
ẊWater_expansion =
0.154 kJ
4 hr × 3600 s
hr
= 0.011 W (F.24)








= 1.77× 10−5 ≈ 0 (F.25)
This is negligible compared to the solar exergy.
200
F.6 Water transport due to transpiration
Assuming steady state flow, the water transpired is equal to the water flowing in from the
ground, and assuming an environment temperature,T0, of 30 ◦C, and input temperature,
TSoil_in, of 10 ◦C, the exergy associated with water transpiration then is given by
Ẋwater_transpiration = ṁout ×Xwater_transpiration
= ṁout × [(hin − hout)− T0(Sin − Sout)] (F.26)
Where Xwater_transpiration is the exergy associated with water transpiration, hin is the
input enthalpy and sin is the input entropy at the input soil temperature of TSoil_in=10
◦C, and h0 is the enthalpy and s0 is the entropy at the reference environment temperature
T0=30 ◦C. The specific enthalpy (h) and entropy (s) for water for the reference environment
temperature,T0, of 30 ◦C and soil temperature, TSoil_in, of 10 ◦C are as described in detail
in Bejan [141]:
hin = hf (T ) + (P − Psat(T )) vf (T )
hout = hg(T0)







Using the thermodynamics tables for saturated water of T0= 30 ◦C, and TSoil_in= 10 ◦C,
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where the subscription in front of enthalpy (h) and entropy (s) of f and g denotes to fluid and
gas status. Therefore, hin = 42.12 kJ/kg, Sin = 0.1511 kJ/kg.K, hout = 2555.6 kJ/kg, and
Sout = 7.1332 kJ/kg.K. The environment temperature T0 is 303 K. The water mass output
flow of 4.3 × 10−5 kg/s [138]. Therefore, the exergy associated with water transpiration
(Ẋwater_transpiration) is



















= 0.0171 kW = 17.1 W (F.28)
The relative exergy associated with water expansion (XWater_transpiration
Xsolar








Therefore, the exergy contribution from water transpiration is small (2.8 %).
202
